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ABSTRACT
Exploring the Effects of 1:1 Laptop Implementation on Quantifiable Student Outcomes in Junior
High School Science Classes Between Demographic Subpopulations of Students
by
Ryan C. Hansen, Doctor of Philosophy
Utah State University, 2012
Major Professor: Dr. Michael Freeman
Department: Education

Digital technology is becoming increasingly affordable and schools are engaging in 1:1
implementations faster than research can support. Laptop implementations in a 1:1 ratio promise
personalized instruction and more access to enriched curriculums and information. As schools
transition, it is imperative they know and can predict what the impact on measures of student
achievement will be. This is especially so for more “at‐risk” student populations.
During the 2010‐2011 school year, a Utah junior high school implemented a 1:1 laptop
program to investigate the demands of 1:1 implementation prior to other area schools making
similar transitions. Exploratory research was conducted on science classes to investigate the initial
reaction of different demographic groups to a 1:1 laptop implementation. Four measures of student
outcomes were evaluated (academic credits gained, class grades, attendance, and incidents of
discipline referral). After 5 months of 1:1 implementation in science, it was found that:


Most demographic groups experienced little or no change in measured outcomes after
the laptop was introduced 1:1. There were no demographic groups that performed
significantly better with laptops than they did previously without them.



Low‐income White students performed relatively worse on academic measures than did
all other demographic groups after laptops were introduced.

iv


Low‐income ethnic minority students measured slight improvement on class grades
after laptops were introduced, and this reaction appeared to be different from the low‐
income White students.



Students who participated in a laptop computer class that was in addition to their
science class achieved slightly better grades in science than did students who only used
the laptop in science.



The introduction of laptops appeared to have little or no consistent influence on student
attendance or discipline referral although teachers did state classroom management
required adjustments after laptop introduction.

Because of the different responses by the more “at‐risk” student populations to 1:1
implementation, it is important that additional research be conducted on the different reactions of
demographic subpopulations in the 1:1 setting. This exploratory study helped provide a referential
foundation and questions from which additional research and more effective laptop implementations
can begin.
(235 pages)
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PUBLIC ABSTRACT
Exploring the Effects of 1:1 Laptop Implementation on Quantifiable Student Outcomes in Junior
High School Science Classes Between Demographic Subpopulations of Students
by
Ryan C. Hansen, Doctor of Philosophy
Utah State University, 2012
The use of internet‐based information and digitalized resources is becoming increasingly common in
public schools. Laptops or tablets are being provided to students in a 1:1 ratio to be used in accessing
instructional information and also as a medium of interaction between the student and the teacher.
As schools transition to digital systems of instruction, it is imperative that administrators can predict
what the impact on measures of student achievement will be and especially for the more “at‐risk”
student populations.
To investigate the initial reaction of different demographic student groups to a 1:1 implementation,
exploratory research was conducted at a school piloting such a program in science classes. Four
measures of student outcomes were used in evaluation: academic credits gained, class grades,
attendance, and incidents of discipline referral. After 5 months of implementation, most demographic
groups experienced little or no change in measured outcomes after the laptop was introduced 1:1.
There were no demographic groups that performed significantly better with laptops than they did
previously without them. Low‐income White students performed relatively worse on academic
measures than did all other demographic groups after laptops were introduced and this was in
contrast to the more neutral responses experienced by all other demographic groups. The
introduction of laptops appeared to have little or no consistent influence on student attendance or
discipline referral to administration.
Because of the different responses by the different demographic groups to 1:1 implementation on
academic measures, it is important that additional research be conducted. In addition to providing a
referential foundation and questions for future research, helpful information and insight is also
available to the school administrator who may be considering similar digital transformations for
their schools.
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CHAPTER 1
INTRODUCTION
Background
It is estimated by the National Center for Education Statistics (NCES, 2005) that the average
annual difference in earnings between the high school graduate and the average American aged 18‐
65 who did not graduate from high school is $9,600 annually. In addition to fiscal opportunity,
scholars dating back to the times of Greek philosophy believe mastery of a liberal arts curriculum will
empower the graduate and give them access to societal privilege (Hirsch, 1988; Strauss, 1959). The
United States Department of Education reported that, “in terms of health, dropouts…report being in
worse health than adults who are not dropouts, regardless of income” (NCES, 2005). Clearly, the
successful completion and mastery of a formalized education system allows graduating students
increased social power and opportunity (Freire, 1970) while improving their access to a higher
quality of life and, as is purported to be the belief of Thomas Jefferson of The Declaration of
Independence fame, the pursuit of happiness. It is the primary purpose of public schools to empower
students in this way (Dewey, 1916).
In the modern educational arena, the most common forms of assessment used to determine
the effectiveness of a school are graduation rates and standardized test scores (United States
Department of Education [USDE,], 1983, 2001). It is believed that by raising graduation rates and test
scores, a public school is giving more students access to higher standards of living than would
otherwise be the case (USDE, 2001).
While course completion assessments and graduation rates determine the ratio of successful
students within a class or system, standardized test scores help to insure the quality, rigor, and
integrity of the graduation experience (USDE, 2001). Local and national attention to these statistical
evidences of academic progress is prevalent (Utah State Office of Education [USOE], 2010). For
example, it was boasted in a statewide newspaper that Utah is proud of having one of our country’s
highest graduation rates (Stewart, 2006). In slight contrast to reports by the USOE’s, the National
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Center of Higher Education reported that between 7,000 and 8,000 students (nearly one in five
students) are annually failing in Utah’s public school systems (National Center of Higher Education
Management Systems [NCHEMS] Information Center, 2005).
Also problematic, more academic failure occurs amongst the demographics of Utah’s
economically disadvantaged and ethnic minority subpopulations (USOE, 2010). Within the 12% of
students who did not graduate that were reported by the USOE for the 2009 school year (accounting
for graduation rate changes from year‐to‐year and from study to study), the following societal
subpopulation nongraduation or failure rates were identified:


The Caucasian population is at 9% failure to graduate.



The Hispanic population is at 29% failure to graduate.



The African American population is at 23% failure to graduate.



The economically disadvantaged population is at 22% failure to graduate (USOE, 2010).

In addition to the discrepancy seen in Utah graduation rates, standardized test scores mirror
these trends. The 2009 Utah State Criterion Referenced Test percent proficiency rates show:


All students were 79.3% proficient in language arts, 66.3% proficient in math, and
65.8% proficient in science.
 Caucasian students were 84% proficient in language arts, 72% proficient in math, and
72.6% proficient in science.
 Hispanic students were 58.3% proficient in language arts, 42.9% proficient in math, and
37.3% proficient in science.
 African American students were 62.1% proficient in language arts, 43.8% proficient in
math, and 41.6% proficient in science.
 Economically disadvantaged students were 66.8% proficient in language arts, 53.7%
proficient in math, and 50.2% proficient in science (USOE, 2010).
This discrepancy that exists across the nation and between ethnic and socioeconomic
subpopulations (Coleman et al., 1966; USDE, 1983, 2001) is commonly referred to as an achievement
gap and is often used as evidence of existing societal repression (Lareau, 1987).
Some believe (Negroponte, 2010), as evidenced by the One Laptop Per Child website
(http:laptop.org), by giving internet capable laptops to students, a vast world of information becomes
available to them regardless of societal circumstances (Anytime Anywhere Learning Foundation
[AALF], 2012; Negroponte, 2010; One Laptop Per Child [OLPC], 2010).
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The common term in today’s culture used to describe initiatives where laptops or other
digital devices are provided to students in a one‐to‐one ratio is a one‐to‐one [1:1] initiative (Penuel &
SRI International, 2006). A belief held by one of the founders of the OLPC movement, Nicholas
Negroponte, which helps to drive this movement is that nearly all human interactions will someday
be conducted through personalized digital devices in a 1:1 setting (Negroponte, 1995). As evidenced
by the OLPC website and others similar to it (AALF, 2012), it is believed that internet access in a 1:1
ratio will have a transforming effect on teaching and learning and create a more equitable
educational environment (AALF, 2012; Apple Classrooms of Tomorrow—Today, 2008; OLPC, 2010).
In the early 1990s, the term 1:1 was often used when laptops were provided to students. In
today’s schools, the term 1:1 could refer to a variety of devices distributed to students such as tablets,
iPods, or smart phones that can provide digital connections to the internet or other sources of
information or communication helpful to students (Penuel & SRI, 2006).
There are also many ways a 1:1 initiative could be structured within the school setting. For
example, a digital device could be assigned to students for use 24 hours a day and 7 days a week, or
the device could be retained in a classroom, only to be used at school. In the past, not all 1:1 laptop
implementations featured or implied internet connectivity for the device. Today, however, it is
almost widely understood or implied that 1:1 implementations of all devices are intended to provide
an internet connection to students (Penuel & SRI, 2006).
In hope of reducing the effects of socioeconomic status and (SES) making public schools
more effective (Steinberg, 2010), 1:1 initiatives are springing up all over the world (Linn, 2009) and
without conclusive research upon which to ground the action (Penuel & SRI, 2006). To date, a study
of the literature reveals that most of these initiatives have been laptop initiatives rather than other
digital devices. This research focused on laptop initiatives as opposed to the other products that are
now becoming available.
Because this technology has only recently become affordable on a grand scale (Penuel & SRI,
2006), no one knows exactly how 1:1 laptop initiatives will impact the different ethnic and
socioeconomic subpopulations divided by preexisting achievement gaps. It was found there have
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been relatively few reports of quantitative studies specifically investigating whether 1:1 initiatives
reduce or widen the achievement gaps identified in student performance and academic success
within the American public school system (USDE, 1983, 2001).
After 9 years of use in some large areas of implementation (Maine and Virginia), it appears
the laptop has done little to consistently impact graduation rates or end‐of‐level exams (Abell
Foundation, 2008; Penuel & SRI, 2006). From that fact, one could assume the initiatives are having a
neutral or an equal effect on all subpopulations of students consistent with the effects of traditional
instruction (Hu, 2007). One could conclude that achievement gaps in 1:1 settings reflect trends
similar to traditional settings, but it is believed by the researcher that much investigation is yet
required before the impact if 1:1 implementation on demographic groups should be concluded.
In many smaller and more localized studies a variety of outcomes have been obtained either
supporting or not supporting the laptop’s positive effect on measures of student achievement
(Bethel, Bernard, Abrami, & Wade, 2007). The random nature and diversity in findings occurring in
these studies on the measures used to define achievement gaps (USDE, 1983, 2001) causes some to
make broad and generalized statements about 1:1’s lack of influence on frequently used measures of
academic achievement (Banks, 2007; Hu, 2007). Interpretation of this sort is non‐indicative of the
variation identified in the many different findings that occur in the localized 1:1 studies (Bethel et al.,
2007). Due to the inconsistencies, more information about the differences in implementations is
believed to be essential in understanding the total impact of 1:1 introduction (Abell Foundation,
2008; Penuel & SRI, 2006). Possibly, understanding demographic student groups’ responses to 1:1
implementation could be an essential insight for helping schools to equitably make 1:1
transformations and it could help to explain the inconsistencies found from one study in a geographic
area to the next (Bethel et al., 2007).
Problem Statement
The differences found in the results of the smaller and localized 1:1 laptop implementation
studies would support the idea that relationships between learners, teachers, and laptops are
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complex and susceptible to differences existing between individuals, classrooms, and communities
(Windschitl & Sahl, 2002). Clearly, the introduction of the laptop in a 1:1 ratio as the primary
instructional classroom resource has the potential to impact all aspects of the schooling experience
for the student (Warschauer, 2006a).
Due to the many ways a laptop could be used by a teacher (Pitler, Hubbel, Kuhn, &
Malenoski, 2010), which is multiplied again by the many ways the tool could be used by the student
(Warschauer, 2006a), there is much that needs to be studied before it can be determined even what
the general effects of 1:1 initiatives really are or could be on student achievement (Penuel & SRI,
2006). By adding the laptop to the teaching and learning relationship, teachers and students not only
change their medium of communication but also change how they cooperatively learn and think (B.
Shelton, personal communication, December 3, 2010).
A deeper understanding of these intricacies could begin or continue by identifying the
general effects of a laptop implementation on specific demographic subpopulations of students.
Perhaps the differences in the response of students from different demographic subpopulations to
1:1 laptop implementation could explain the diversity and the high rate of variation seen in local
studies, while these differences remain inconsistent across all studies (Abell Foundation, 2008;
Bethel et al., 2007).
Exploratory comparisons can be made between demographically separated subpopulations
of students on a variety of student outcomes. To date, 1:1 implementation has not yet been
investigated quantitatively or thoroughly at this level of focus. From such an introductory
investigation, a second generation of scientifically conclusive studies could arise from the analyzed
data (Tukey, 1969). These follow‐up investigations could be used to specifically identify why
outcomes do or do not occur and lead to scientifically confirmative conclusions. Statistician and
social researcher John Tukey (1969) said this about research for the purpose of exploration:
Both exploratory and confirmatory data analysis deserve our attention. Both detection and
adjudication play crucial roles in the progress of science…. To concentrate on confirmation,
to the exclusion or submergence of exploration, is an obvious mistake. Where does new
knowledge come from? (p. 84)
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A foundational and introductory study such as this exploration into the effects of 1:1
implementation on demographic subpopulations of students would be helpful to provide a base for
future research and this is why exploratory data analysis or EDA (Tukey, 1969) has been selected as
a lens of investigation for this data. EDA will be further described later in this document.
In addition to, and of equal importance, educational administrators are currently in need of
immediate and practical information on which to base critical decisions about proposed or pending
1:1 implementations. The professional field of education requires accurate information on this issue
(Penuel & SRI, 2006) and this study is intended to help in provide useful information and suggestions
to these professionals.
Purpose and Objectives for Research
It is the purpose for this research to initially explore using EDA (Tukey, 1969) whether or
not 1:1 laptop implementation could have an influence on achievement gaps between demographic
groups and subgroups of students on measured student outcomes. It is believed that this information
would be particularly helpful to administrators (Penuel & SRI, 2006) considering 1:1 implementation
at schools with high numbers of at‐risk students and whose schools may already be facing challenges
with measures of school accountability (USDE, 2001). When examining comprehensive reviews of
quantitative literature on 1:1 implementations, very few findings are consistent across all studies
(Bethel et al., 2007; Penuel & SRI, 2006). Without acknowledging the inconsistent variations found in
localized studies (Bethel et al., 2007), one could conclude that 1:1 implementation was generally
having no effect on common measures of student achievement (Banks, 2007; Hu, 2007). Was this the
case or did the differences that already exist between demographic subpopulations of students, as
evidenced by the achievement and socioeconomic divides, influence different groups to react
differently to 1:1 implementation? This study explores this issue.
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Research Question
Major Research Question
In a public junior high school’s science classes, what were the initial differences in student
outcomes which occurred between demographic populations of students when laptops were
introduced in a 1:1 laptop implementation?
Additional Questions
To explore the major research question, the following questions were investigated using
post hoc analysis of a data set acquired from a control group (no laptops) and a treatment group
(assigned laptops) for comparison.
a.

How did student grades and credit acquisition vary across differing demographic groups
with 1:1 implementation in science classes?

b.

How did student scores on common summative assessments vary between demographic
groups when students engaged in a 1:1 curriculum in science classes?

c.

What was the difference in attendance and student discipline occurrence related to
behaviors associated with feelings of efficacy and motivation between demographic
subgroups after 1:1 implementation?
Potential or Expected Outcomes as Described in the Literature

To date, the single most influential predictor for student academic success has been the
ethnic SES of the student’s family (Colemen et al., 1966; Lareau, 1987; USDE, 1983, 2001). Since the
persistent strength of this predictor in almost all current and historic educational research, some
would expect (Warschauer, 2006b) that students who participated in the 1:1 laptop pilot would not
perform any differently in comparison to other socioeconomic or ethnic subpopulations than they
had previously done without laptops. In this circumstance, the demographic influence of the
student’s home (Lareau, 1987) would be too strong for the instructional tool to positively influence
the student’s academic outcomes (Warschauer, 2006b). The time the students used the laptop in a

8
1:1 ratio was only half of a school year. Perhaps this was not enough time for the participating
students and teachers to adjust to using the new tool and for more time‐sensitive measures of
student achievement to reflect change. This was believed by the researcher to be a sufficient amount
of time to study and explore the initial reaction of different student groups to a 1:1 implementation.
Understanding the initial reaction of the student to 1:1 implementation could help
administrators to adjust the structure and design of implementations in the future, but knowing this
information would also provide insight into what the long‐term trends for student outcomes may be
so schools can better serve students of all demographic backgrounds in the 1:1 setting.
Another potential outcome suggested by some in the media and literature (AALF, 2012;
Negroponte, 2010; OLPC, 2010) is students in a 1:1 implementation may show signs of closing the
achievement gaps by influencing traditionally low achieving groups (USDE, 1983, 2001; USOE, 2010)
to improve on measures at rates higher than traditionally high achieving groups (USDE, 1983, 2001;
USOE 2010). In this case, the internet‐capable laptop would act as the equalizer for outcomes (AALF,
2012; Negroponte, 2010; OLPC, 2010) and reduce the differences academically in student grades and
course completion rates, and the differences in measures of student motivation and efficacy which
are attendance (Coutts, 1998; Gottfried, 2010) and behavior (Lemov, 2010).
Another outcome could occur with 1:1 implementation influencing the differences in
measured outcomes to widen (Celano & Neuman, 2010; van Dijk, 2005) between demographic
groups where gaps in achievement have previously been found (USDE, 1983, 2001; USOE, 2010). The
potential outcome associated with this occurs when the more culturally literate family (Hirsch,
1988), or the family with more access to technological or instructional resources (van Dijk, 2005),
may disproportionately help their students to achieve more with a technologically based tool than
the family who is less familiar with the medium (Celano & Neuman, 2010; van Dijk, 2005). Possibly,
the student without access to these resources or previous experience with the laptop or internet
might experience challenges with this resource in the classroom relative to other students (van Dijk,
2005). In these cases, the preexisting digital divide (National Telecommunications and Information
Administration [NTIA], 1999) would cause the achievement gap to widen (Celano & Neuman, 2010)
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or deepen (van Dijk, 2005) with the introduction of the tool to the school experience.
Description of the 1:1 Implementation and the Study
Introduction
Locally, the Davis School District implemented a 1:1 laptop initiative in one junior high
school (a pilot) and four additional junior high science classes as preparation for a change to a
paperless system of operation. This pilot began in January of 2011 and included 680 selected
students as members of participating classes from a total student population of approximately 1,200.
The 1:1 host junior high school provided 420 students with Dell Mini 10 netbook computers
across 12 core academic classes (math, English, science, and social studies). Twelve teachers were
selected to participate at this junior high school. Each teacher taught one laptop class in their six‐
period teaching day. In each of the four curricular departments, one class was selected from each
grade level and grades seven through nine were represented in the study in all four core‐curriculum
areas.
All student participants were assigned a laptop in a manner similar to checking out a
textbook. All netbooks were made available to students 24 hours a day and 7 days a week. It was left
up to the parent and student to decide whether or not the netbook traveled home at the conclusion of
school with the student. Docking stations were available in the back of their laptop classrooms if
students chose not to take the device home.
Since the device was new to the school, it did take between 2 to 4 weeks (depending on the
science class) to complete organizational and managerial requirements before students could begin
to take the netbook home, but they were available for classroom use in a 1:1 ratio at the beginning of
the second semester, January of 2011. Although no records were kept, it is estimated at least 75 % of
all netbooks were taken home at one time or another, but generally half remained in the classrooms
and at school each night (B. Hunt, personal communication, December 10, 2011).
The Davis School District’s plan was to use lessons learned from this pilot to help open a new
junior high school in August of 2011. This new junior high school was to be a completely 1:1 school.
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The new school was to house 1,200 students and provide each of these students with a new laptop.
These 1,200 students would join the other 680 students from the 2010‐11 school year and the pilot
junior high school in a continuous and growing 1:1 initiative in the Davis School District. It is
intended by the school district to refine a method of implementation that can successfully and
eventually be repeated in all schools (Lunt, 2011).
In a collaborative effort, the Davis School District has made available a comprehensive
project review of their 1:1 pilot online. In addition to meeting agendas, professional development
guides, and instructional resources, other practical documents such as student disclosures and
student guidelines for computer care can also be accessed. These resources are available at the
following web address, but most of the documents will also be included in Appendices B, C, and D of
this document. The web address is https://sites.google.com/site/11computingproject (Lunt, 2011).
The Laptop
Beginning February 2010, a 1:1 Executive Committee was formed consisting of public and
professional stakeholders within the Davis School District. Their purpose was to investigate products
that could be provided to students for use in obtaining information applicable to their education and
to enhance the student’s access and communication with the school system and instructional
resources (Lunt, 2011). The rationale stated for the school district pursuing the use of a digital
learning device was:
In response to increased student and public interest in technology, a need to revitalize
classroom instruction, and recent economic pressures, the Davis School District initiated an
interdepartmental effort to change the way curriculum and instruction is delivered in
schools. (Lunt, 2011, p. 4)
It is believed that the needs of the school district regarding this device could be considered
typical and generally applicable to the current needs of other schools and school districts in similar
circumstances. The needs identified by this school district for a digital computing device for the 1:1
project were defined in their 1:1 computing project manual as:
a.

The device needed to be low in cost.

b.

It needed to effectively deliver various forms of electronic educational content to
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students in a classroom and home environment.
c.

The product needed to be highly flexible and portable.

d.

Software requirements for this product included:
1.

The ability to handle the International Digital Publishing Forum or “idpf” file format
for eReader and eBook content delivery.

2.

Management and multimedia capability that included Microsoft, PowerPoint, Adobe
Captivate, and iTunes U.

3.

Document requirements also included the ability to view, create, and share PDF
documents. (Lunt, 2011, p. 5)

It was determined the Dell Mini 10, a netbook manufactured by Dell Incorporated, best met
all the school district’s requirements. This laptop was selected and 680 were purchased for student
use beginning January 2011. Teachers participating in the pilot received their personal netbooks in
September of 2010 to allow sufficient time to enable and expedite teacher training and teacher
familiarity with the device.
Each laptop had a network wireless card that could be connected to any open wireless
network. Access to the internet was available to all students in the school until 6:00 p.m. and the city
library (one‐half of a mile from the school) until 8:00 p.m. Various businesses in the area also offered
free wireless connection and students were generally aware of these locations. It was intended the
laptops were to be checked out to the participating students until the end of the school year.
Teacher Development and Expectations
Planning for the 1:1 pilot began in the spring of 2010 with the 1:1 Executive Committee.
The first staff development training for the participating junior high school teachers was held on
August 13, 2010. Trainings were held monthly and generally lasted an entire school day with the first
half of the day designated as instruction and the second half of the day designated for guided
practice. The agendas for all monthly trainings and an “Implementation Overview” that teachers
were provided can be found in Appendix C of this document. These documents also can be accessed
online at the Davis School District 1:1 site which is: https://sites.google.com/site/
11computingproject (Lunt, 2011). In addition to attending monthly day‐long trainings, participating
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teachers also informally met approximately once a month for a morning bagel and beverage in the
faculty room. This time was used to collaborate and support the project through open discussion of
problems or concerns the teachers may have been experiencing.
At the beginning of the project, teachers signed the “Project Professional Agreement” which
specified what was required of each participating teacher (Lunt, 2011). This document can be found
in Appendix B. The following is a summary of the expectations and teacher responsibilities
participating teachers accepted both initially and as assignments from the trainings that occurred
throughout the school year.


Provide Dell Mini 10 netbook computers for each student in their classroom.



Use the netbooks daily in class, although they do not need to be in use for the entire 45
minute period.



Provide students with technical assistance and training so students can use the laptop.



Actively participate in all training opportunities and meetings.



Find, implement, and share digital curriculum resources to support instruction.



Develop a digital map for the course they are instructing and participate in its revision at
year’s end.



Write and implement at least ten lesson plans that can be posted to a school district
online collaborative resource bank.



Understand and apply the National Educational Technology Standards (International
Society for Technology Education [ISTE], 2000) in curriculum mapping and lesson
development.



Find and post at least 30 instructional tools and web resources on a collaborative work
site.



Log weekly netbook lessons on a collaborative online blog about successes and failures.



Read and discuss the book Rewired: Understanding the iGeneration and the Way They
Learn, by Larry D. Rosen, L. Mark Carrier, and Nancy Cheever (2010).
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Read and discuss the book Using Technology with Classroom Instruction That Works, by
Howard Pitler and colleagues (2010).



Show competency in use and management of Windows 7, Internet Explorer 8, and
School Wires.



Create and use a website using School Wires.



Complete and demonstrate understanding of copyright training.



Build a lesson plan featuring Google Docs and use it.



Use NetSupport as a digital management tool in the classroom.



Complete online textbook training with McGraw‐Hill and introduce the digital text(s) to
students.



Establish a Dropbox account and introduce this to students. Have students turn in
assignments using this resource.



Complete training on Fillable Forms. Use the resource with students.



Complete training on Instructional Architect (National Science Foundation [NSF] and
Utah State University [USU], 2012) provided by Utah State University. Use the resource
with students.

At year’s end all participating teachers successfully upheld the expectations they agreed to in
their 1:1 professional agreement and received a compensatory stipend for their work. This stipend
helped to provide incentive for the additional work required of the 1:1 teacher who was required to
teach one class (laptop class) in their schedule differently than their five other traditional classes.
At the beginning of the pilot, 90% of the teachers surveyed reported to be “excited about
participating in this experience” (J. Lunt, personal communication, August 17, 2010). Although minor
adjustments were made through the school year, all listed requirements were successfully completed
with a high rate of fidelity especially in the science classes that were further selected for additional
research and examination in this study. The basic differences from the teacher’s perspective between
a 1:1 class and a traditional class was the daily expectation of laptop use along with the expectation
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digital resources (i.e., Dropbox, Fillable Forms, or Instructional Architect) would be implemented in
their instruction (Lunt, 2011).
Distinguishing Characteristics of Laptop
Classes for Participating Students
Students participating in laptop classes (treatment group) were provided with a different
class experience than students in traditional classes (control group). Teachers of laptop classes
committed to use the laptops each day in a teaching and learning activity and this expectation was
met in the semester of implementation.
Although students were free to either take their assigned laptops home each night or leave
them in their laptop class, it was required that the student have the laptop in class each day with the
battery charged. Due to the novelty of the experience, classes had very few, possibly one or two,
problems per month with students not having their netbooks in class with the batteries charged.
Student training for the use of the netbook was done in a hands‐on manner with the teacher
explaining the process of accessing the digital information as the need arose. Through repeated use,
the students’ proficiency increased with the use of the netbook.
Examples of the different types of daily laptop teacher directed activities the students were
engaged in during this 1:1 implementation are listed here.


Students were taught how to use OneNote note‐taking software and encouraged to use it
at appropriate times during class.



Students both received assignments and turned them in through email or internet
shared storage sites such as Dropbox.



Students worked collaboratively and independently to build presentations using
PowerPoint.



Students completed Fillable Forms as listening guides.



Students searched the internet and participated in online lessons.



Students used Instructional Architect (NSF & USU, 2012) for interactive learning
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activities.


Students completed writing assignments using the online Utah Write Formative Writing
Assessment online software program (Measurement Incorporated, 2010).



Students were instructed in the use of accessing their online subject specific textbooks,
practice activities, and summative assessments that were related to the textbook.

A variety of activities can be engaged in, but the constant among laptop classes was that the
teacher directed some form of instructional student laptop use in class each day.
Even though the teacher directed activities occurred each day, it was anticipated students
would engage in uncontrolled and unstructured activities with their laptops (Warschauer 2006a).
For example, in the research synthesis conducted by the Abell Foundation (2008), it was reported
that in several large (over 1,000 participants) 1:1 laptop implementations, the classroom teachers
reported increased classroom management problems with the laptops present. Although some 1:1
implementations reported a decrease in student misbehavior (Texas Center for Educational Research
[TCER], 2009), the students were reported by the teachers to be harder to manage in the 1:1
classroom in the studies reviewed (Abell Foundation, 2008).
It is helpful to provide examples of the many activities students could be engaged in as
directed by the teacher and to know how different students responded to those lessons, but it is
equally important to explore the influence of “unauthorized” responses by students of different
demographic backgrounds to the presence of the internet and having their own computing device in
the classroom. Placing an internet capable laptop in the hands of each juvenile in a science class
makes the experience in the 1:1 setting different from the traditional classroom experience
(Warschauer, 2006a). During a personal conversation with one of the teachers participating in the
1:1 pilot, this observation was made.
It used to be that I only had to watch what students were doing with their pencils and paper
to know whether or not they were paying attention. It was hard to tell the difference
between the writing of a note to a friend or whether they were taking notes on my lecture.
Now students that daydream can venture of into the virtual world. They can play games,
they can Facebook, and they can even watch movies. Now, when I lecture from the front of
the room and I can’t see their screens, they can do just about what they want – including
writing a note and sending it by email to their girlfriend. (Teacher at the 1:1 school, personal
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communication, May 23, 2011)
This observation summarizes more fully what the full extent of this 1:1 laptop
implementation study investigated. Possibly, students of different demographic groups would react
differently in measurable ways to teacher directed classroom activities and also in their own
unstructured behavior when the internet capable laptop is present 1:1 in the classroom setting. If
there are differences, perhaps they would show up as noticeably different measures of student
outcomes.
Introduction to This Study
This study examined student outcomes associated with the initial stages of 1:1 laptop
implementation occurring between demographic subpopulations of students on important measures
of student outcomes used in school evaluations for No Child Left Behind (NCLB; USDE, 2001) and the
USOE (2010). These measures are also commonly found in school improvement plans created and
approved by local school community councils as evidenced by the many plans publicly accessible for
Utah Schools at www.schoollandtrust.org (School Land Trust, 2012). More specifically, this study
examined the potential demographic differences in course credit acquisition, term grades, student
attendance, and rates of student discipline occurrence when 1:1 implementation took place in a Utah
junior high school on these commonly used measures of school success (USDE, 2001; USOE, 2010;
School Land Trust, 2012).
In order to make valid and useful observations about the impacts of 1:1 implementation, a
manageable set of data was acquired specifically from the Science Department of the pilot junior high
school where laptops were introduced on January 17, 2011, at the beginning of the second semester
in the Davis School District. The data about these students was analyzed after implementation
through post hoc analysis at the end of the 2010‐11 school year.
It is important to establish that this study was exploratory by design and not confirmatory
(Gall, Gall, & Borg, 2003) and this does affect the context in which statistical conclusions should be
drawn or applied from this set of data. Since the specific responses of demographic student groups to
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1:1 implementation has not yet been thoroughly investigated, exploratory data analysis [EDA]
(Tukey, 1969) was used as the method of and approach to investigate the primary research question.
It was the intention of the researcher to explore important trends in the data, in addition to
answering the primary research question for exploratory purposes. Thus, the research design
selected for study was sufficient to answer the question selected for research within the context of
exploration in which it was asked.
Discussions in the analysis were also based on obtained outcomes as they relate to one
another and the discussion was not limited to only those measures that were of statistically
significant difference (statistical significance referring to alpha levels and not the importance of a
finding). For example, an additional comparison was made that examined whether or not the number
of laptop classes scheduled in a student’s school day influenced a measurable change in outcomes in
their science class. When the pilot was established, classes other than the control or treatment
classrooms selected for this study were also 1:1 classes. It was important to control for this in the
findings for the science classes. This additional analysis helped to insure that more accurate
statements were made about findings in the data. This additional comparison will be further
explained later in this document. The EDA research design selected for this study provided
opportunity to make additional comparisons when needed and methodologically the design provided
freedom to deviate from more traditional methods and a strict adherence to statistical models
(Tukey, 1969).
It was important to remember at the inception of this study that any differences found
between the experimental and control groups should not be attributed to the laptop computer alone.
It was the purpose of this research to explore the laptop’s interaction with the student’s demographic
status as reflected by quantifiable measures of student outcomes associated with academic
achievement. This was essentially an investigation of the student’s overall reaction to the
introduction of the device. To investigate, three different methods of analysis were used to identify
different reactions by different demographic groups. Means were compared using charts and graphs,
effect sizes were calculated and compared between groups measuring the magnitude of mean
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difference, and statistical tests of mean difference were conducted using an appropriate and general
model of statistical analysis for the set of data obtained. It was proposed that the laptop as a tool
could either be used by the instructor to improve teaching or by the student to improve learning and
this was investigated using change scores for the measured student outcomes.
Just as any tool in a hardware store has the potential to speed up a task or help to complete it
more effectively and efficiently (Bolman & Deal, 2008), it is hoped by some (AALF, 2012; Negroponte,
2010; OLPC, 2010) that the laptop will equitably do the same for all demographic groups in the
learning and teaching relationship. As better tools change how tasks are completed, the introduction
of the new tools also change the philosophical consideration of the work itself (Bolman & Deal,
2008). The intent of this study was to explore the effects of the laptop as a tool used to improve
measures of student achievement.
Delimitations of the Research
In answering the primary research question, there were initially many threats to the internal
validity of the statements and observations that could be drawn from this study. First, there were, as
there always are, contaminating elements unrelated to the laptop implementation that did occur
during the school year and that did influence some subpopulations or measures of student outcomes
during the laptop pilot (treatment). Methods used for controlling against these elements will later be
discussed as needed in association with the outcome measures they influenced, but largely the use of
change scores were used to mitigate the influence of external contaminants.
This was a post hoc examination of the 1:1 implementation which had already taken place
and it was not an experiment. Therefore, many variables could not be experimentally accounted for.
This means that findings from analysis based on the three methods of investigation used (mean
comparison, effect size measures, and p values) must be interpreted somewhat cautiously and all
three methods of analysis should be used together in interpretation for practical and accurate
statements to be made about the findings. Due to the relatively loose conditions that established and
divided treatment and control groups, scientific conclusions about the impact of 1:1 on different
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demographic groups should not be made.
Also, a relatively small number of participants were included as subjects and that increased
the chances of error in the findings for the statistical analysis and especially for the treatment and
control, and demographic subgroup pairwise comparisons with much smaller n sizes. In addition to
small n sizes, the number of pairwise comparisons used leads to an increased chance of error in
conclusions because of the multiple comparisons made. Again, it is the intent for this research and
the conclusions drawn to be exploratory in nature (Tukey, 1969) and proliferate what is known
about this phenomenon rather than reduce or make confirmation of the hypothesis (Stake, 1978).
For this reason, the n sizes used in comparison and the multiple comparisons made were unadjusted
for due to the exploratory nature (Gall et al., 2003; Tukey, 1969) and purposes for this study.
In addition, caution is to be taken by the researcher and the reader not to overstate the
importance of statistically significant (based on alpha levels) findings from the statistical analysis
when the mean differences are not of practical importance. Since this is a post hoc examination of a
data set, a tendency could exist to “dredge the data” (Experiment‐Resources.com, 2012) and build a
model of statistical analysis which identifies significant p values that should not be categorized as
such. To control for this, a simple, full factorial (Fisher, 1926), and easily comparable (uniform across
the different measures) model of analysis was selected for statistical analysis and this will be
interpreted along with mean difference and effect size measures (Cohen, 1988) so that the most
accurate and applicable statements can be made based on the findings.
There was no way to insure all teachers would use the laptop in identical ways in their
classrooms. Although the teacher development and professional expectations within the project were
standard, teachers still had significant academic freedom to personalize their own classroom
implementation. Some teachers were going to be better at teaching with laptops than other teachers.
It was also impossible to insure training provided for laptop classes would not influence or change
teacher behavior in their traditional nonlaptop classes (control setting). Setting up a control and
treatment group for each teacher was intended to control for teacher differences that could have
occurred in the outcomes.
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In this study, change scores were used to measure the difference between demographic
groups of students. Using change scores allowed for school activities unrelated to 1:1 implementation
that could influence measured outcomes to effect both treatment and control groups. There is an
assumption made in the design, because of random sampling or placement of students in control
classes, the students of different demographic groups started the second semester at relatively
comparable levels of measured student outcomes. It is assumed the potential for change in the laptop
(treatment) group is comparable to the potential for change in the nonlaptop (control) group. Due to
the fact this was an exploratory study, the assumption of relatively equal starting points and that
both groups would be affected comparably by unrelated school activities was not accounted for in
the statistical analysis. Adjustment in the selection of control and treatment groups and in the
interpretations made about the study should take these into consideration.
Another limitation in this study occurred because of the structure created in the school
district pilot. This structure was that one class from each of the core content areas (math, science,
English, and social studies) on each grade level participated in the pilot with a total of 12 teachers.
This meant the science students participating in this study came from three different science classes
spanning three grade levels and three curriculums. Although this created variation in the classroom
setting and grading, the question for research focused on the demographic responses of students as a
group (mean). Therefore, it was still possible to compare the demographic responses between
demographic groups even though this happened across different scientific subject matter and
different grade levels. This also needed to be accounted for in summaries and conclusions.
As was previously stated, some students included in both the treatment and control groups
were also assigned to an additional laptop class (math, English, or social studies). Participating in an
additional laptop class could potentially influence student outcomes in the science class. For
example, if a control group student had increased access to their own personal internet capable
laptop at home and during the school day due to the pilot, perhaps their grade in science would go up
from the increased access to information and electronic resources. Conversely, this same student
may spend more time at home pursuing entertainment on the internet and spend less time studying
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causing their science grade to go down. In order to control for this circumstance, a separate statistical
analysis defined by specifying the number of laptop classes assigned to an individual student was
included in comparison and analysis.
Not only does this additional comparison help to control against the making of inaccurate
inferences about 1:1’s effect on student outcome measures, but it also provides an opportunity to
explore another important issue associated with 1:1 implementation. Possibly, students would
perform better or worse with increased exposure to the laptop and this could be investigated
relatively easily within the scope of this study. Even though this line of questioning is not directly
related to the primary research question, it potentially could be related to the different responses of
students in the 1:1 implementation. Investigating potentially important clues or data that present
themselves within a study is well within the purview of EDA where it is even encouraged (Tukey,
1969).
It was believed students in both the control and treatment settings might react in
unpredictable ways with the general introduction of the laptops into the school environment. For
example, both treatment and control groups were subject to the Hawthorne Effect whereby, with
increased supervision and attention to the 1:1 initiative and the newness of the digital tool, measured
student behavior might change because of inclusion in the study and not because of the laptop and
this would affect the statements made about the demographic comparisons (Hawthorne effect,
2008).
To some degree, it was anticipated the potential contaminants would also eventually
become part of the entire experience that was being studied. They did. Teachers will assess student
learning differently and they will not be consistent with one another, as a collegial group, in grading
student performance. Student assessments and their teacher’s evaluation from one teacher to the
next are subjective and might vary. This fact must be conceded and then accounted for, in research
design, methods of analysis, and interpretation. The primary comparison used to answer the
research question will be student comparisons by demographic groups.
There were also additional adjustments made during statistical analysis that allowed
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conclusions drawn from this data to be more trustworthy and sound.
Context of This Study
Due to the fact 1:1 implementation’s initial effects on different subpopulations of students
were the only outcomes available for measurement, it was inappropriate at the study’s end to draw
firm conclusions about the long‐lasting effects of ubiquitous computing on preexisting achievement
gaps. The research design used in this study was not intended to generate conclusive findings, but
was intended to explore relationship between demographic groups and 1:1 implementation (Gall et
al., 2003; Tukey, 1969). The findings of this study will help others to understand the demographic
responses of students to implementation. This study will also provide foundational information and
questions upon which more conclusive experimental design can be based. It is through the repetition
of findings that scientific conclusions are to be drawn (Tukey, 1969) and this was intended to be an
introductory and exploratory investigation.
Equally as important as identifying the right answers to the research question will be the
opportunity to ask the right questions concerning what should be studied next. As has been stated
before, Exploratory Data Analysis, or EDA, is a method for identifying the right questions for future
research, as well as it is a method used to answer basic but important questions (Tukey, 1969).
Given the size and longevity of the differences in academic performance evidenced in the
achievement gaps across the nation (Coleman et al., 1966; USDE, 1983, 2001) and at this 1:1 pilot
host school (USOE, 2010), the 5 months of treatment with a laptop was considered by the researcher
to be an unrealistic amount of time needed to significantly reverse demographically repressive
effects and allow positive change to manifest itself in the academic outcomes measured. Five months
was also believed not long enough for the study habits of students to significantly change and their
academic performance to noticeably improve. That said, 5 months was ample time for initial
differences in student reactions to be measured and to be identified, if they were to happen simply by
introducing the laptop to the school environment.
By identifying through this study what the initial reactions of demographic groups of
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students were, future implementations or transitions can be more successful in making the same
type of transition to paperless systems of instruction or to 1:1 implementation. In addition, another
statistical point of reference was established to which future 1:1 launches can be compared. As has
been stated, this study helped to define more specific questions to be addressed by additional
confirmatory measures in the coming years of implementation.
The acquired data may be used as a beginning or as a foundation for similar analysis to be
repeated in the future on a more longitudinal basis. The methods used in analysis can be repeated
and improved over time and will do more to answer questions about the overall effect of 1:1
implementation on achievement gaps in long‐term studies and analyses. It is most certainly intended
that other studies outside of this geographic area may use this data and design to continue to
investigate the original research question.
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CHAPTER 2
LITERATURE REVIEW
Global 1:1 Implementations
Some consider the next influential global educational reform movement to be 1:1 initiatives
(AALF, 2012; Apple Classrooms of Tomorrow, 2008; Negroponte, 2010; OLPC, 2010). Rapid
technological advancement, coupled with the ease and speed of accessing information through
electronic databases (Penuel & SRI, 2006), has enhanced interest in using digital mediums for
purposes of educational reform (AALF, 2012; Negroponte, 2010; OLPC, 2010). Some believe that 1:1
laptop initiatives coupled with internet access to educational materials could be a viable solution to
the achievement gaps currently existing in worldwide education systems (AALF, 2012; Linn, 2009;
Negroponte, 2010; OLPC, 2010).
To investigate, this researcher found theoretical information about the philosophy
surrounding 1:1 global laptop initiatives at the OLPC (2010) and the AALF (2012) websites. For
example, in 2010 the Uruguayan government purchased 380,000 OLPC XO laptop computers for
every primary public school student and teacher in their country. The OLPC XO computer was
designed at the Massachusetts Institute of Technology by Nicholas Negroponte (OLPC, 2010). The
initiative is called Plan Ceibal and it was considered the most aggressive 1:1 implementation in the
world at the time (Linn, 2009). Although Plan Ceibal is still a new idea and the findings about the
implementation have not thoroughly been published, it has been stated that the entire system of
public education in Uruguay is changing and adapting to the use of this new instructional tool in
“progressive ways” (Brechner, 2010) even though these “ways” have not yet clearly been reported.
Even though Uruguay was the first country to implement a 1:1 laptop initiative, significant
XO computer initiatives are also beginning in Peru, the Middle East, across Africa, and on islands in
the South Pacific and Caribbean (OLPC, 2010). In October of 2010, Venezuela signed a deal with Intel
that will bring one million “Classmate” machines into their country for every student ages 6 to 10
years old (BBC News, 2010). As evidenced by the number and size of these implementations,
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motivation to adopt 1:1 systems is a worldwide movement.
Even now, global 1:1 transformation continues and Negroponte (2010) was most recently in
the news when he sent an open letter to the Indian Government published on the front page of the
Times of India pledging his free and complete support to helping them develop a $35 internet capable
laptop or tablet. In the letter Negroponte said, “Education is the primary solution to eliminating
poverty, saving the environment and creating world peace. Access to a connected laptop or tablet is
the fastest way to enable universal learning” (Negroponte, 2010).
1:1 Initiatives in America
In addition to these foreign countries, our own country is playing host to 1:1 initiatives. The
first system‐wide (meaning states or large school districts) 1:1 implementations in America began in
2001 at the same time the NCLB goal “to improve academic achievement through the use of
technology in elementary and secondary schools” (USDE, 2001) was passed into law. Perhaps the
most famous of these early implementations began when the state of Maine passed the Maine
Learning Technology Initiative [MLTI], which allocated funding for the purchase of over 17,000
Apple iBook laptop computers for all of its seventh grade students (Maine Public Laws, 2001). Also
that same year, Henrico County, Virginia purchased around 23,000 Apple iBooks (Lappas, 2011) for
their school district (Henrico County Public Schools, 2012).
Even though conclusive evidence about the laptop’s effect on student learning is still being
generated (Bethel et al., 2007; Penuel & SRI, 2006) and laptop implementations are still more
expensive than traditional instruction (B. Hunt, personal communication, 2011) largely because of
the indirect costs associated with implementation (Hu, 2007; O’Donovan, 2009; Penuel & SRI, 2006),
new initiatives are beginning all the time (Bebell & O’Dwyer, 2010; Penuel & SRI, 2006; Steinberg,
2010). This researcher found helpful information about the 1:1 initiative movement in America in the
articles: “Implementation and Effects of One‐to‐One Computing Initiatives” (Penuel & SRI, 2006);
“Educational Outcomes and Research from 1:1 Computer Settings” (Bebell & O’Dwyer, 2010); “One‐
to‐One Computing in Public Schools: Lesson from ‘Laptops for All’ Programs” (Abell Foundation,
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2008) and “More Students Need Laptops for the Classroom” (Steinberg, 2010).
Additionally, a simple Google search revealed 1:1 initiatives of various scales and sizes can
now be found in schools and school districts all over the country. The number of students
participating in 1:1 initiatives is increasing annually at an amazing rate (Abell Foundation, 2008;
Bebel & O’Dwyer, 2010; Penuel & SRI, 2006). As has been previously stated, local, initiatives have
begun in Utah and specifically in the Davis School District (Lunt, 2011).
Internet Capable Laptop as a Tool to Establish Social Equity
Some proponents of laptops in education, like Negroponte (2010), believe the internet‐
capable laptop will have an equalizing effect on economically or socially challenged students by
making access to information equitable (AALF, 2012; Negroponte, 2010; OLPC, 2010). Since the
philosophical beginnings of the public education system in America, many have looked to this
institution to provide equal access to the opportunity and pursuits of happiness guaranteed by the
United States Constitution (Dewey, 1916; Hirsch, 1988). Inequity exists in the opportunity that it has
provided to cultural and economic subgroups of students (Coleman et al., 1966; USDE, 1983, 2001).
This has been made especially clear in the last 30 years when standardized student test scores and
literacy rates have been used for comparison in the evaluation of schools across the country (USDE,
1983, 2001). For reliable, current, and accurate evidence of measurable student achievement in the
public education system this researcher found reports from USDE, the USOE, and the NCES to be
especially helpful.
As schools recorded their test scores and compared them, it was found that an achievement
gap existed among students residing in lower socioeconomic, ethnically diverse, and larger
metropolitan areas. These students were performing much lower than students living in higher
socioeconomic and more suburban areas (Coleman et al., 1966; USDE, 1983, 2001). The federal
government substantiated this inequality by deeming the discrepancy worthy of a federal report in
1983, A Nation at Risk, and of federal legislation in 2001 with the No Child Left Behind Act (USDE,
2001). Social inequity is evidenced and possibly magnified by our public school system and is one of
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the largest social problem facing civic and educational leaders today (USDE, 1983, 2001). Thus, the
researcher believes if 1:1 initiatives are to provide meaningful change in the practice of education,
the initiative must account for and allow for a remedy of the inequality that already exists in the
school system as evidenced by achievement gaps.
It is often stated by some sources that the primary purpose for 1:1 initiatives are to provide
each child equal and ubiquitous access to theoretically unlimited educational opportunities found on
the internet (AALF, 2012; Negroponte, 1995; OLPC, 2010). In his article “Have Laptops Flunked the
Test?” Marcus Banks (2007) wrote about New York City’s 1:1 implementation. He used words of his
own with a quote from an interview with a New York City official, Bruce Lai, when he said that by
providing all students computers with internet access, “working‐class students will not ‘be consigned
to a technological apartheid’” (paragraph 9). It is believed equitable access to the digital community
will eventually give every child and student a fair chance (AALF, 2012; Negroponte, 2010; OLPC,
2010) at competitive international markets where formal education is valued as a powerful social
currency (Hirsch, 1988; Lareau, 1987).
The resolve to provide all students with durable, portable, and effective internet capable
laptops shown by pro‐laptop organizations is a movement associated with social justice in addition
to education reform (AALF, 2012; Apple Classrooms of Tomorrow, 2008; OLPC, 2010;). The OLPC
(2010), makers of the OLPC XO computers; the AALF (2012), sponsored by Toshiba and Microsoft;
Apple Classrooms of Tomorrow (2008), sponsored by Apple; Magellen, sponsored by Intel (2008a);
and other popular backers of the 1:1 laptop movement all support one another in their claims that
each child deserves internet access. These organizations promote this belief on the internet and in
other popular media and encourage 1:1 implementation for the information it can provide to
children, regardless of social circumstance or where they live in the world (AALF, 2012; Apple
Classrooms of Tomorrow, 2008; Intel, 2008a; Negroponte, 2010; OLPC, 2010).
As can be seen in the previous paragraph, each of these organizations that promote 1:1
laptop initiatives in a variety of ways, are founded, funded, and supported by large hardware
manufacturing corporations. This leads some to question the motivations behind them (Cuban,
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2001). This researcher also questions, do they really believe what they promote or is the promotion
just marketing? If their belief is sincere, can their claims and ideas be substantiated?
For these reasons and others, investigations of measures of student outcomes related to 1:1
implementation should be conducted to establish how different social and economic subgroups of
students react in comparison to one another when the laptop is introduced in a 1:1 ratio. When an
investigation of social inequality is paired with a large and significant global education reform
movement, what will be the outcome? Some suggest that educational administrators and public
leaders that continue to purchase laptops for these purposes without scientifically and systematically
investigating the issues surrounding them are acting irresponsibly with public funds (Cuban, 2001).
Clearly, the more decision makers understand about 1:1 implementation, the better our schools will
be for all students and school communities (Penuel & SRI, 2006).
The Digital Divide as a Reflection of Social Inequity and
Inequity in Academic Achievement
Potentially, the greatest challenge to the outcomes hoped for by Negroponte (1995, 2010)
and other 1:1 optimists (AALF, 2012; OLPC, 2010) is that the digital divide will continue to expand
between low‐income or low social opportunity children and the middle class (Celano & Newman,
2010; van Dijk, 2005). The digital divide is a discrepancy in technological fluency that is found
between different socioeconomic and ethnic subpopulations of students (NTIA, 1999). Patterns in the
digital divide mirror patterns in the achievement gap and the same demographic populations of
students that struggle academically are also the ones found to have limited access and skill with
digital devices (Schweikart, 2010). This divide is believed by some to be caused primarily by the
difference in parental modeling, guidance, or exposure to technological tools in the homes of
students from different ethnic or economic communities (Celano & Newman, 2008; van Dijk, 2005).
Recent data indicates parental yearly income is a predictor for internet availability and time
spent on the internet (Dailey, Bryne, Powell, Karganis, & Chung, 2010) and income level can also
predict how students use informational resources (Celano & Newman, 2008). The 2000 U.S. Census
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reported that 94% of children from average yearly income homes of $75,000 or more had a home
computer, while only 34% of children from average yearly income homes of $25,000 or less have a
home computer (United States Department of Commerce [USDC], 2001). The same report also shows
that 79% of White students have home computer access while 38% of Hispanic students have home
computer access (USDC, 2001). In addition, it is estimated that sixty‐five percent of Americans have
the internet in their homes while less than 35% of families making less than $25,000 annually have
the internet (Dailey et al., 2010). Research indicates that limitations on computer availability and
limited internet access are the primary causes for the digital divide (van Dijk, 2005; NTIA, 1999).
This is the strongest argument raised by 1:1 proponents for implementation (Negroponte, 2010).
Current research shows that even when computer access is equal between high‐ and low‐income
families, it is used differently within their homes and this could possibly cause the divide or gap to
grow even if or when access is made equitable (Celano & Neuman, 2008; van Dijk, 2005; Malamud &
Pop‐Eleches, 2010).
In the most recent issue of Educational Leadership, Donna Celano and Susan Neuman (2010)
stated the following:
Middle‐income children start using computers at a younger age and get more adult
assistance. Economically disadvantaged children tend to use computer time more for
entertainment than do their middle class peers, who use it more for information gathering.
Over time, the differences accumulate, meaning that middle‐class children will zoom ahead
and low‐income children will be left behind. What started as a gap will grow into a chasm. (p.
50)
Celano and Neuman (2008, 2010) suggested additional time and support (Dufour, Dufour, Eaker, &
Karhanek, 2010; Dufour & Eaker, 1998) be provided to students of low SES status in addition to
increasing their exposure to technology in order to compensate for the differences in support and
instruction that their parents may or may not be able to provide (Celano & Neuman, 2010).
It appears the federal government agrees because NCLB, Section 2402(b)(2)(A) of Title II,
Part D the ESEA, titled “Enhancing Education Through Technology [EETT],” stated one of the goals of
EETT was
to assist every student in crossing the digital divide by ensuring that every student is
technologically literate by the time the student finishes the eighth grade, regardless of the
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student's race, ethnicity, gender, family income, geographic location, or disability. (EETT,
2004, p. 34).
One could logically assume a disproportional opportunity to access information would
widen the achievement gap (van Dijk, 2005). With this in mind, it is even more important that the
studies which investigate the effects of 1:1 implementation on student achievement also study its
effect on all subpopulations of students.
The Achievement Gap as It Exists in the Local Student Population
Examined in This Study
The Davis School District has chosen a target junior high school which has the greatest
socioeconomic and ethnic diversity in that school district as the primary location for its 1:1 laptop
pilot (Lunt, personal communication, 2010). At the selected junior high school, the rate of students
from low‐income households and minority ethnicity is twice as high as any other junior high school
in the school district. These numbers may be found in Chapter 3: Methods.
In addition to higher populations of low economic status and high ethnic diversity, this
school continues to demonstrate lower than average levels of student performance (USOE, 2010) and
this is frequently attributed to its demographic circumstance (B. Hunt, personal communication on
January 10, 2010). In the student population where the laptop pilot will occur, the following
achievement gaps (as seen in Table 2.1) have been evidenced in recent end of level test scores and
subsequent graduation rates for these students. These scores, gathered from the USOE (2010),
mirror general trends (USDE, 1983, 2001).
Table 2.1
Graduation and End of Level Criterion Referenced Test Proficiency Rates for the Selected Junior High
School and the 2009‐10 School Year
Test
Math proficiency

Low SES %

High SES (%)

Caucasian (%)

Hispanic (%)

Black (%)

Asian (%)

ELL (%)

45

65

58

39

33

64

18

English proficiency

45

80

72

60

52

85

51

Science proficiency

48

72

64

36

45

73

14

Graduation rate

81

96

93

80

73

94

82
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Specifically, the relative lower performances by the Hispanic and low‐income groups are of
concern and have caught the attention of administration in the Davis School District. This is in
addition to comparatively lower graduation rates obtained from this same school population. It is
desirable that these current conditions be remedied and this 1:1 pilot implementation is also
considered an effort to help this student population (B. Hunt, personal communication, July 10,
2010).
Researching 1:1 Implementation Using a Structural Frame
With such a large migration in the field of education to a digital medium (Bebell & O’Dwyer,
2010; Steinberg, 2010), what is the motivation that drives the large migration? Is this movement data
driven and scientifically based on student achievement? Does the digital medium make the education
system fiscally more efficient?
This researcher found that the books Professional Learning Communities at Work (Fullan,
2009) and Reframing Organizations, Artistry Choice, and Leadership (Bolman & Deal, 2008) to be
especially helpful in proposing a perspective from which this circumstance can be investigated.
Applying the philosophy of educational researcher and author Michael Fullan to this
circumstance, does a 1:1 laptop initiative build structural or systemic capacity within the current
organizational structure (Fullan, 2009), so that student achievement increases when it is used? Are
human, emotional, political, and cultural forces at work and driving this change (Bolman & Deal,
2008)?
To date, and largely because of the newness surrounding 1:1 initiatives in the public school
system, most of the research about 1:1 implementation has been qualitative and lacks quantitative
support for its conclusions (Bethel et al., 2007; Penuel & SRI, 2006). Currently, empirical data is not
sufficient to conduct statistical meta‐analysis beyond a simple vote count or narrative approach
(Bethel et al., 2007; Penuel & SRI, 2006). Many are currently waiting for more empirical data to be
reported (Bethel et al., 2007) so statistical meta‐analysis can be completed. An effective meta‐
analysis or widely accepted research synthesis for quantitative literature has also not yet emerged. It
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is the lack of conclusive data supporting the use of laptops to increase measures of student
achievement that is currently the strongest argument against further adoptions (Hu, 2007).
Although the findings of qualitative studies will be useful in this review, it was the intent of
the researcher to investigate the 1:1 phenomenon primarily through what organizational authors Lee
Bolman and Terrence Deal (2008) referred to as a structural frame. Assumptions the authors make
about a structural framework as they apply to this study would be:
1.

1:1 implementation could be seen as a method of reform to achieve established goals
and objectives. The focus on goals and objectives would suggest a quantitative analysis
of existing data and literature.

2.

Implementation should increase efficiency and enhance performance because of the
specialized nature of the introduced tool (laptop).

3.

Problems and performance gaps arise from structural deficiencies and can be remedied
through analysis and reimplementation of more effective structure, professional
practice, or a tool. (Bolman & Deal, 2008, p. 13)

For research and study, this lens was selected because it represented a perspective that
many feel is most lacking in the current 1:1 picture and the one most needed to make accurate
decisions in the future about 1:1 initiatives (Bebell & O’Dwyer, 2010; Bethel et al., 2007; Penuel &
SRI, 2006).
Using a structural frame (Bolman & Deal, 2008), laptop implementation could be
metaphorically compared to the upgrade of a racecar engine with a new part. The new part will cause
all the other parts to behave differently, but most importantly, the overall desired effect is that the
car goes faster and becomes more dependable while getting better gas mileage. Similarly, one might
ask, can schools using 1:1 implementation equitably educate a wider variety of students faster and
with better rates of success using laptops in a 1:1 ratio?
Five Structural Reasons of Support for 1:1 Initiatives
After reading an article in the New York Times about laptop 1:1 initiatives, social critic and
writer David Knowles (2009) added an additional perspective when he said:
Textbooks have not yet gone the way of the scroll, but many educators say that it will not be
long before they are replaced by digital versions—or supplanted altogether by lessons
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assembled from the wealth of free courseware, educational games, videos, and projects on
the Web.
Clearly, this statement made in mainstream social media does not imply a motivation based on social
injustice as has been previously discussed. The computer movement in education also has many
convincing structural (Bolman & Deal, 2008) motivations that are also traditional themes in
American culture.
First: We Continue To Look For a Machine
That Will Revolutionize Education
Although the affordability of laptops is a relatively new reality, the idea that a machine
would efficiently speed up the teaching and learning process is not at all new and has existed since
before the industrial revolution (Cuban, 1986, 2001; Skinner, 1958). The researcher believes it is this
new fiscal reality (Penuel & SRI, 2006), partnered with an old idea (Cuban, 1986, 2001), that has
resulted in a synergistic combination of two movements which are now manifested in a virtual
explosion of 1:1 initiatives across the country (Steinberg, 2010).
Beginning in the mid 1900’s, some in the American public began to believe it was the
computer that would be the machine to lead the industrial movement into the area of educational
reform (Cuban, 1986; Skinner, 1958). For decades, theorists have speculated that machines,
hardware, and software would ease the demand for a “highly qualified” human resource in schools
and make the average teacher more effective (Cuban, 1986). Although the computer has been shown
to better educational outcomes when used effectively by a classroom teacher (Means & Olson, 1995),
it appears the computer has yet to meet expectations of even the most optimistic of behavioral
theorists (Cuban, 2001). Meta‐analysis of the research done on hardware used and software written
before 2003 revealed no significant difference between technologically based methods of teaching
and those traditional methods that did not include a technology component (Dynarski et al., 2007).
More current data shows that some methods of computer‐enhanced instruction are more effective
than others (Pitler et al., 2010).
Consistent trends, however, have not yet been identified proving computer‐assisted
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instruction is better than the traditional classroom experience (National Center for Education
Evaluation and Regional Assistance [NCEE], 2007). The common denominator for quality instruction
appears to remain the general effectiveness of the teacher (Lupino, 2005). Even in computer‐based
classrooms and curriculums, a good instructor is required to effectively manage the computer based
instruction, to personalize it, and make it meaningful to the student (Lupino, 2005).
Second: Affordable Technology Has Advanced
to Where a Digital Resource Can Be More
Useful Than an Electronic Book
Technological advancements include but are not limited to: Video and visual demonstration,
animation, audio enhancement, recording, replay, virtual simulation, graphing, computing,
calculating, portability, repeatability, social and professional networking, language translation,
instructional gaming, and instantaneous evaluation (Rosen et al., 2010). Today, combinations of
these stimuli are being used to construct chunks, chapters, or bits of instructional digital material
that teach specific skills and knowledge. When these learning activities are organized based on
instructional design, they can be repeatedly used for instructional purposes. Repeatable, digital, and
computer‐based chunks of instruction are now called “learning objects” (Wiley, 2002). Furthermore,
the usefulness and importance of learning objects on public education is expanding at an exponential
rate (Wiley, 2002).
Third: Technology Is Now Cheaper
Than Was Previously the Case
School districts can purchase laptops for students and provide them with digital resources
and information for less than it takes to provide them with textbooks that cost upwards of $100 each.
Districts also anticipate as the price for effective technology continues to decrease, the digital
medium will be cheaper than bound paper and ink (Lunt, personal communication, August 17, 2010).
Digital instructional tools are becoming smaller, more powerful, and less expensive (Penuel
& SRI, 2006) as the major computer companies are responding to the educational market
(Negroponte, 2010). For example, Dell currently sells its Netbook for around $300. Apple made and
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sold the iBook used in Maine for about $700. Now, most students in Maine use MacBooks, which
retail for around $900. Currently, schools are considering iPads, which can be purchased for nearly
$400, or iPods, which are sold for under $100. The XO used in Uruguay can be purchased at a retail
cost of $188, but Negroponte (2010) believes a new prototype will soon be released for around $100
(OLPC, 2010). Best yet, a developer in India just produced a laptop with a touch screen that is the size
of an iPad which will cost $35 to produce (Negroponte, 2010). In addition to the continually
decreasing costs, the equipment is rapidly improving (Penuel & SRI, 2006). This also motivates
optimism and suggests the next development will finally make the use of the machine more
economical and more effective than traditional means (Cuban, 2001).
Currently, however, it is not entirely cheaper to buy the laptops in place of a traditional text.
This is evidenced by the significant number (not the majority, but enough to be alarming) of schools
and school districts that have abandoned their initiatives (Hu, 2007; O’Donovan, 2009). In many of
these cases, the school districts reported the entire cost for the laptops (i.e., hardware, software,
security, repair, and IT support) did not balance with the expected educational gains hoped for (Hu,
2007; O’Donovan, 2009). These school communities became unwilling to recommit to the additional
money required for continued implementation and the initiatives dissolved (Hu, 2007; O’Donovan,
2009). Mark Lawson, the President of the Liverpool, New York School Board, said to the New York
Times, “After seven years, there was literally no evidence it had any impact on student
achievement—none” (Hu, 2007).
Fourth: Teachers Can Teach More Effectively
and Efficiently Using This Tool
As has been previously stated, computers cannot and should not replace effective teachers in
the instructional process (Lunt, personal communication, August 17, 2010; Lupino, 2005). The use of
instructional software in the classroom does not mean that academic performance will go up (NCEE,
2007). A teacher must design, administer, and assess the influence of a learning object or a series of
learning objects on student comprehension throughout the digital instructional experience (Wiley,
2002). Research does suggest that teachers using technology appropriately can increase the
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academic performance of students and especially those with unique learning challenges (Hasselbring
& Bausch, 2005).
When the right stimuli is organized effectively within learning objects and lessons are
appropriately matched to compensate for disability, ability, or the learning preference of a child, then
digital instruction can enhance positive outcomes on measures of student learning. This is also true
for English language learners (ELL), students of different ethnic and social background, and students
of low or diverse SES (Hasselbring & Bausch, 2005; Jeffs, Behrmann, & Nannan‐Ritland, 2006; Kim et
al., 2006). By increasing the individualization of the curriculum through technology, students can
better learn the intended information and achieve the desired outcomes (Hasselbring & Bausch,
2005).
In addition, the computer can provide teachers with immediate feedback through formative
evaluation that can help them make appropriate adjustments to their instruction in real time (Pitler
et al. 2010). It is the opinion of Dr. Lynne Williams (personal communication, 2005), a current READ
180 instructor, that these standardized assessments should not replace multiple forms of authentic
assessment. They can be used with them as standardized measures which will help the teacher to
consciously structure their next activity based on the diagnosed needs of the student. In Dr. William’s
words, “The immediate feedback partnered with adjusted instruction makes the instructional
program fluid and responsive to the needs of the student” (personal communication, 2005).
The digital assessment makes time with the teacher student centered, individualized,
meaningful, and efficient. According to sources of 1:1 research, a 1:1 setting encourages teachers to
have a more student centered or individualized approach to instruction (Lowther, Strahl, Inan, &
Bates, 2007; Muir, Knezek, & Christensen, 2004).
Laptop Initiative Influence on Education: A Review of Scientific Data
Some of the largest 1:1 initiatives in the United States began in 2002 in the State of Maine
(Maine Public Laws, 2001) and in Henrico County, Virginia (Henrico County Public Schools, 2012).
Therefore, 2002 was selected as a logical reference point that was generally used to limit the scope of
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literature collected for this review. By doing so, a more focused and current review of pertinent
literature could be made applicable to the research question. Studies prior to 2002 were still
considered in this literature review, however, they were generally referenced within discussion of
research synthesis that included data accumulated for 1:1 implementations or similar studies
beginning five or 6 years prior to 2002 (Penuel et al., 2001; Penuel & SRI, 2006).
When reviewing the syntheses of research, two specific studies were identified asking
research questions about demographic response to 1:1 implementation that were similar to the
questions asked for this study. One of these studies (Stevenson, 1999) was conducted prior to 2002,
but because the research question was similar to this one, this study will be included specifically in
this review. These two studies will also be referenced in this chapter and again they will be discussed
in Chapter 5, Discussion of Findings. In addition to 2002 being a general guideline used as a reference
point for this literature review, quantitative studies were also primarily used as a guideline for
limitation. This review was again limited in the beginning by including mostly publications that
referenced quantitative measures of student achievement although some qualitative studies were
mentioned because of their specific relevance to the research question.
With these basic parameters, electronic databases were searched using the following
combinations of terms: One‐to‐one; ubiquitous computing; laptop initiative; and middle school or
junior high school. From sources, the reference sections were reviewed to find additional
information and to find out which sources were the most commonly referenced sources of
information.
The following databases originally produced the accompanying numbers of useable and
applicable references: ERIC, 12 references; Digital Dissertations, 2 references; The Wilson Web, 2
references which were not previously found in other sources; and The Digest of Education Statistics, 1
reference.
Following the original search, many additional searches were conducted and additional
sources have been added when applicable as is documented in the reference section. The most cited
source from these scholarly sources was the research synthesis done by Penuel and SRI (2006). This
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work is believed by the researcher to be pivotal in providing a broad picture of impacts on student
achievement from all other studies prior to publication and it has been widely cited.
In addition to electronic databases, Bing and Google were searched extensively using
pearling methods and the previously stated search terms. These searches produced nearly 100
additional references of all sorts. General search engine resources cited in this study were limited to
either professional journals and primary sources or the more commonly distributed sources of
credible popular media such as U.S.A Today, the New York Times. This method produced nearly 30
sources cited in this document. The most helpful internet resources compiling sources of data about
1:1 initiatives were One‐to‐One Clearing House and the Anytime Anywhere Learning Foundation
which made available or referenced several primary sources of interest.
Below are some general criteria used to determine which works and authors are included in
the following tables.


The source was a synthesis of the research and broader conclusions could be drawn
from the work’s findings and statements.



The source was taken from a study with over 1,000 participants (this is roughly the size
of the average Davis School District junior high school).



The statements made about the outcomes of the implementation were considered
important within the larger discussion of 1:1 implementation due to a unique
characteristic of the study or circumstance.



The source (could have been a journal or media article) was either a commonly cited
source, or it made a profound and impactful statement about 1:1 implementations on
the public school system and achievement gaps.

To summarize the literature, two tables showing the sources of the most commonly cited
references and the more influential literary sources as described previously for this topic were
created. Table 2.2 indicates the literature and sources which attribute measured improvement on
student outcomes as influenced by 1:1 implementation.
Table 2.3 was created to indicate those literary sources making other general statements in
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Table 2.2
Summary of Common and Impactful Literature about Findings Related to 1:1 Implementation
Finding

Literature

Improved student attendance

Lemke & Martin (2003) — Maine

Reduction in discipline problems

Intel, Inc. (2008b)—Alabama
Lemke & Martin (2003)—Maine
Texas Center for Educational Research (2009)

Writing improvement

Abell Foundation (2008)—research synthesis
Bethel et al. (2007)—vote count analysis
Penuel & SRI (2006)—Research synthesis
Silvernail & Gritter (2007)—Maine

Improvements in technology integration and fluency

Most reported findings show this to be the case

Positive student attitude/motivation surveys

Self‐measures in most studies indicate a significant student
and teacher preference for 1:1 implementation

Research synthesis reporting improvements in measures of
student achievement that are inconsistent across research

Abell Foundation (2008)—research synthesis
Bebell & O’Dwyer (2010)—narrative report
Bethel et al. (2007)—vote count analysis
Penuel & SRI (2006)—research synthesis

Table 2.3
Summary of Common and Impactful Literature about Other Findings Related to 1:1 Implementation
Finding

Literature

Research synthesis reporting no consistent improvement in
standardized student achievement measures in 1:1
implementations

Abell Foundation (2008)—Research Synthesis
Bebell & O’Dwyer (2010)—Narrative Report
Bethel et al. (2007)—Vote Count Analysis
Penuel & SRI (2006)—Research Synthesis

Research or literature showing demographic groups use
digital resources differently

Celano & Neuman (2008)
van Dijk (2005)
Malamud & Pop‐Eleches (2010)
Warschauer (2006a)
Vigdor & Ladd (2010)

Complete financial and structural collapse for some 1:1
initiatives

Abell Foundation (2008)
Hu (2007)—Liverpool, New York; Matoaca, Virginia; Costa
Mesa, CA; Mount Herman, Massachusetts
O’Donovan (2009)

Inconsistency of implemenation levels and use of laptop by
teachers

Bethel et al. (2007)—vote count analysis
Texas Center for Educational Research (2009)
Penuel & SRI (2006)—Research Synthesis

Reporting the need for more time and quantitative research

Abell Foundation (2008)
Bebell & O’Dwyer (2010)
Bethel et al. (2007)
Penuel & SRI (2006)
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relation to 1:1 implementation. Some of these other statements also may suggest that other social
factors may be the stronger influence on measures of student achievement than laptop
implementations were found to be.
To date, this researcher found the most thorough compilations of research on 1:1 initiatives
in the secondary school setting have been done by Penuel and SRI (2006), the Abell Foundation
(2008), and a research group from Concordia University in California (Bethel et al., 2007).
Interestingly, the findings of the larger synthesis show there are some consistent findings among
most studies, but findings of consistency for any one measure of student outcome common to school
evaluation and identified for use in this study have not yet found across all studies reviewed (Abell
Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006).
Penuel and SRI (2006) and the Abell Foundation (2008) each compiled a synthesis of current
literature while the group from Concordia is in the midst of conducting meta‐analyses on ubiquitous
learning and has only released preliminary findings (Bethel et al., 2007). Currently this group has
only been able to accumulate a vote count of existing research because enough empirical data using
an effect size has not been reported and more complex statistical analysis cannot yet be accurately
completed.
These major reviews (Abell Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006)
reported the following consistent findings that occur more frequently across the body of research on
1:1 implementation than other findings and they are:


The student’s use of technology increases and this helps to increase their fluency with
the technology. Measures of technological fluency increase with 1:1 implementation
(Abell Foundation, 2008; Bebell & O’Dwyer, 2010; Bethel et al., 2007; Penuel & SRI,
2006; TCER, 2009).



Students and teachers report through surveys their satisfaction and motivation increase
in the 1:1 setting (Abell Foundation, 2008; Bebell & O’Dwyer, 2010; Bethel et al., 2007;
Penuel & SRI, 2006).



Teachers were found to shift their instruction to a more student centered model when
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facilitated by the laptop in the classroom (Abell Foundation, 2008; Bethel et al., 2007;
Bebell & Kay, 2010; Penuel & SRI, 2006).


Generally an increase in the student’s ability to write was identified (Abell Foundation,
2008; Bebell & O’Dwyer, 2010; Silvernail & Gritter, 2007). Although this is a somewhat
consistent finding, some studies dispute it (TCER, 2009). There is some discussion as to
why this outcome continues to appear in the data (Bethel et al., 2007). Generally, it is
believed that the computer helps students to organize their writing better. Students are
more likely to type more than they will write with a pen and pencil producing more
writing. Students use their computers and write for social reasons. Taken together, these
are reasons for improved writing (Abell Foundation, 2008; Bebell & O’Dwyer, 2010;
Silvernail & Gritter, 2007).

It was suggested in most all reviews of outcome‐based research that additional scientific
research needs to be conducted on 1:1 initiatives and especially research using end of level
assessments in core subject areas (Abell Foundation, 2008; Bebell & O’Dwyer, 2010; Penuel & SRI,
2006). Most quantitative studies looked at self‐reports or surveys to determine student levels of
motivation and satisfaction, but most did little to examine specific outcomes associated with student
motivation and satisfaction such as attendance (Coutts, 1998; Gottfried, 2010) and incidents of
problematic discipline (Lemov, 2010). Penuel and SRI (2006) advised policymakers, administrators,
teachers, and parents to be patient with widespread 1:1 instigation until more solid research‐based
evidence could be conducted, so that data driven support can help implementation to be more
successful. This sentiment was indirectly or directly supported in other research reviews previously
mentioned (Abell Foundation, 2008; Bethel et al., 2007).
In the review of the literature about 1:1 implementation, two independent studies were
identified attempting to compare demographic student groups from 1:1 schools on measures of
student outcomes similar to those used in this local study (Penuel et al., 2001; Stevenson, 1999;
TCER, 2009). One study was conducted in Beaufort, South Carolina in 1996 (Penuel et al., 2001;
Stevenson, 1999) and the other study was completed in the Irving Independent School District in

42
Texas (TCER, 2009). Generally, both of these studies looked at economic difference more than ethnic
difference, but some discussion of the ethnic composition of the studied groups was provided. In the
case of these two studies, both used standardized assessments as their primary measure of
comparison (Stevenson, 1999; TCER, 2009). The Texas study also made general comparisons
between treatment and control groups for negative discipline occurrences and student attendance
rates (TCER, 2009). Both studies also used change scores or measures of student gain from the
standardized assessment measures for comparison of change between economic groups and
between treatment and control groups (Stevenson, 1999; TCER, 2009).
The first of these studies, beginning in 1996 and titled, “Learning by Laptop: An Experiment
That Allows Students to Tote Their Own Terminals…” (Stevenson, 1999), studied one of the first 1:1
laptop efforts in the United States. In Beaufort, South Carolina, students and parents were given the
option of renting an internet capable laptop computer from their school district. Rental prices were
based on the amount of family income so a student from a low‐income household paid considerably
less than did a student from a home of higher income. It was reported that nearly 60% of participants
in the 1:1 program were from low‐income households (Stevenson, 1999).
A major challenge to the findings of this study was that the implementation was not truly
1:1. Students could opt into the program by renting a laptop or bringing one to school, but they were
not required to do so. This meant nearly half of the students in each class did not have a laptop.
Teachers had to prepare their lessons for both laptop and nonlaptop students in the same class
(Stevenson, 1999).
After 3 years of implementation, it was concluded low‐income laptop students continued to
make slight, but not significant, academic gains on a standardized assessment of student learning.
This was in contrast to the high‐income nonlaptop students that progressively performed worse on
the standardized comparative measure. After 3 years, there eventually became no significant
difference between the low‐income laptop students and the high‐income nonlaptop students in
measured growth. Also, the low‐income nonlaptop students performed significantly worse on the
summative assessment than did either of the previously mentioned groups, while the high‐income
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laptop students maintained a pattern of stability similar to the low‐income laptop students
(Stevenson, 1999).
In the end, the laptop students did not significantly improve on measures of student
achievement, but they also did not decline as much as did the nonlaptop students. Some concluded
that 1:1 implementation helped reduce the achievement gap and stated laptops appeared to
influence this outcome (Stevenson, 1999).
It is the opinion of this researcher that there are problems that can be identified in how the
control and treatment groups were established. Random selection did not occur and it would be hard
to attribute the differences found statistically to the influence of the laptop over other factors such as
parental support, which did not appear to be accounted for. This causes the data to be more
problematic in relation to the research question asked for this study, but the data will be considered
both in relation to other studies and the final discussion of results for this study.
The second study, which was similar in nature to the one in South Carolina but much more
complex in the size of implementation and the comparisons made, was conducted by the Texas
Center for Educational Research (TCER, 2009) in the Irving Independent School District. The TCER
wanted to use the Texas Assessment of Knowledge and Skills or TAKS (Texas Education Agency
[TEA], 2012) to compare, among other things, the impact of their laptop initiative on different
demographic groups. This study was a final‐outcomes study based on a 4‐year 1:1 pilot immersion
that compared treatment and control schools on several different measures. The study used
measures of student gains or change over the 4‐year period to determine if laptop or control group
students were measuring differently on state end of level math, reading, and writing evaluations.
This study also generally compared the attendance rates and rates of discipline referral between
treatment and control settings (TCER, 2009).
When the study was completed, it was found there were no significant differences in student
reading and writing assessments for students in 1:1 laptop schools. Treatment students performed
slightly worse on writing exams, but not significantly so. It was also found attendance decreased with
laptop implementation for the first 2 years, but returned to a comparable level with the control
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group in the last year of the study. Also, student discipline referrals to the administration decreased
in the laptop schools (TCER, 2009). Some of these findings are in contrast to other findings across the
body of literature and especially those in other studies that indicated improved writing scores
(Bethel et al., 2007; Penuel & SRI, 2006; Silvernail & Gritter, 2007).
An important application of that study to this one was low‐income laptop students showed
slight gains on math tests while the low‐income control groups declined in their math scores (TCER,
2009). Both the low and high‐income 1:1 students experienced almost identical achievement
patterns on the math test and this showed as a statistically significant difference when compared to
the nonlaptop students of the same income levels. This was a similar finding to Stevenson’s in South
Carolina (Stevenson, 1999) where laptop students held constant or improved slightly while control
groups performed worse than they had previously (Stevenson, 1999; TCER, 2009). In both cases,
laptop success was suggested because student scores remained constant while their nonlaptop peer’s
scores digressed. Although this would be difficult to test in the 5 months of implementation in this
pilot, this finding suggests further investigation. Are laptops keeping students constant in
circumstances where their achievement would decline without them or did other factors contribute
to these findings?
The finding of improvement in math is rare and unique when compared to other laptop
studies. Reports of math improvement are not common in the literature about this subject (Abell
Foundation, 2008; Penuel & SRI, 2006). It needs to be determined what influenced this difference.
Possibly software or another resource was used in the 1:1 setting which helped increase student
achievement.
One of the primary applications of the Texas study is how differently the students in Texas
measured on specific student outcomes when compared to other large studies (Silvernail & Gritter,
2007) and the syntheses of literature (Abell Foundation, 2008; Penuel & SRI, 2006) for measures of
student outcomes. Although the research from Texas is important and helps to answer questions
about 1:1 implementation, this researcher believes there remain many points of interest to be
explored.
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The differences in findings between the Texas pilot and the research conducted at other
schools across the country (such as Maine) might be attributed to the ethnic and socioeconomic
backgrounds of the students involved. Possibly, the difference could arise from the demographic
conditions. Perhaps the initial reaction of students to 1:1 implementation is different from what was
found after 4 years in Texas. It is the hope of this researcher that results found in this local
exploratory study will help to provide information about the variation identified between other
studies such as these.
In conclusion, although many look to the laptop as a means of bringing social equity (AALF,
2012; OLPC, 2010), very little empirical research exists indicating the laptop is having a positively
consistent effect on measures of student achievement used to determine school success (Abell
Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006). Many have said the measures of 1:1
success should not be connected to measures used to determine school success (Muir, Manchester, &
Moulton, 2005), however, it appears very little has been done to publicly separate what some feel the
purposes of 1:1 initiatives should be (Muir et al., 2005; Warschauer, 2006b) from the expectations
already placed on schools by state (USOE, 2010) and federal lawmakers (USDE, 2001).
For now, it is the opinion of the researcher, that laptop implementations must either help
support schools in commonly used measurements of student achievement (USDE, 2001; USOE, 2010)
or better explain what the other purposes of a 1:1 implementation may be (Muir et al., 2005;
Warschauer, 2006b). Either way, it is believed to be important to know (Penuel & SRI, 2006) how the
demographic groups of students will respond when laptops are introduced 1:1 so better
communication and decisions can be made. If this is not known and communicated, it will be difficult
for schools to communicate to the public the many other good things (Muir et al., 2005) laptops can
be used for in teaching our children.
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CHAPTER 3
METHODS
General Description
This study examined the different student outcomes associated with the initial stages of
1:1 laptop implementation occurring between demographic groups of students. The outcome
measures selected for this study are associated with those used for public school, improvement,
comparisons, and evaluation (School Land Trust, 2012; USDE, 2001; USOE, 2010). The No Child Left
Behind Act (USDE, 2001), the USOE (2010), and local school community leadership councils (School
Land Trust, 2012) use similar measures for public school evaluation.
More specifically, this study examined the differences found between ethnically and
economically defined student groups for the measures of course credit acquisition, course grades,
summative assessments, student attendance, and rates of student discipline occurrence when 1:1
implementation occurred in a Utah junior high school. Demographic group mean comparisons for
each of the previously stated measures were used to explore the primary research question. In order
to make effective analyses about the initial impacts of 1:1 implementation, a manageable set of data
was acquired from the Science Department of the school where laptops were introduced on January
17, 2011. The data from this sample was examined through post hoc analysis at the end of the 2010‐
11 school year.
This study was exploratory in nature (Tukey, 1969). The researcher intended to explore
multiple measures of student outcome and to identify differences relating to demographic groups.
Group means were compared using tables and bar graphs (Tukey, 1977), an effect size measure was
created as a reference to the magnitude of difference between group means (Cohen, 1988), and a
statistical test was used to establish a p value that referenced the amount of difference between
groups that was probably caused by chance alone (Farlex, 2012). To help to determine if any
differences found between demographic groups was attributable to the demographic variable, a
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second analysis was conducted comparing the same outcome measures by groups established based
on the number of laptop classes in a student’s class schedule. This analysis will be explained later in
this chapter. These methods of analyses were all used by the researcher to effectively interpret
demographic response to 1:1 implementation in a practical way within the context in which this
study was designed, and for the purposes in which it was intended to be used.
Research Design: Comparing Student Outcomes After 1:1 Implementation
Using Exploratory Data Analysis or EDA
Looking at the initial response of ethnic and economic demographic student groups to 1:1
laptop implementation using the previously mentioned measures of student outcome, as of yet, has
not been done at this level of focus. It remains to be determined whether or not different
demographic subgroups will respond similarly or differently on different outcome measures when
the laptop is introduced on a 1:1 basis in the classroom. The EDA research model (Tukey, 1977) was
selected as the research design for investigation of the research question. Due to the relative
newness 1:1 implementations and quantitative studies about them across diverse populations of
students (Bethel et al., 2007; Penuel & SRI, 2006) exploratory research is a logical beginning point for
two reasons.
First, it is the intent of this research to provide insight that will lead to the establishment of
informed hypotheses that can be tested in future confirmatory studies (Tukey, 1969). Second, it is
intended that a better understanding of the relationship between demographic student groups and
1:1 implementation will be helpful in current decision making (Penuel & SRI, 2006).
The seminal work that brought notoriety and credibility to EDA was written by John Tukey
(1977). It was Tukey who said:
Data analysis needs to be both exploratory and confirmatory. In exploratory data analysis
there can be no substitute for flexibility, for adapting what is calculated—and, we hope,
plotted ‐– both to the needs of the situation and the clues that the data have already
provided. In this mode, data analysis is detective work—almost an ideal example of seeking
what might be relevant. (1969, p. 90)
Tukey’s (1969) idea that EDA is detective work was extended by Russell Church (1979)
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when he said in a review of Tukey’s ideas:
It is a search for clues. Some of the clues may be misleading, but some will lead to
discoveries. After the appearance of clues is described, other techniques can be employed for
purposes of confirmation…. It is necessary to discover facts before they can be confirmed. (p.
433)
Another practical explanation for exploration was provided by Leinhardt and Leinhardt
(1980) when they wrote that exploratory methodology is used to “discover unforeseen or
unexpected patterns in the data consequently for gaining new insights and the understanding of
natural phenomena” (p. 149).
Although EDA is known to be a less prescriptive method of inquiry, there are some typical
features of the design. For instance, EDA is characterized by the application of a flexible methodology
(not the absence of methodology) that can be adjusted when needed to maintain focus on answering
the research question or to follow findings of interest in the data set when determined important.
This approach is considered to have a less prescriptive methodology and is more relaxed in its
adherence to guidelines, but statistical models of analysis can be found in some EDA designs.
Generally, deviation in methodology is accepted and is even encouraged when the primary goal is to
answer the research question (Tukey, 1969).
The strict proponents of classical research and the critics of the EDA design say that Tukey
did not advance the field of inquiry with EDA’s promotion, but rather caused digression and a return
to prescience methodologies (Church, 1979). Tukey and others would argue, however, that both
exploratory and confirmatory research methods have their place. The overall determination of the
importance of a particular finding is whether or not it is repeatable, like Newton’s laws of physics
(Cohen, 1990; Tukey, 1969).
Examples of how expectations of traditional statistical analyses can be relaxed include a
relaxed alpha level of .10 (Gall et al., 2003) and a lower value for effect sizes of interest where d = 0.4
(Cohen, 1988). Also, many decisions can be made during a study in pursuing findings of importance,
even if these methods were not mentioned at its proposal (Tukey, 1969). Tukey (1969) stated the
need for flexibility when he said, “Flexibility can be dealt with…bending the question to fit the
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analysis is to be shunned at all cost” (p. 83).
In addition to a relaxed alpha value and a flexible approach to statistical analysis, graphs are
frequently used in EDA to communicate findings and to identify important trends in the data set (Gall
et al., 2003; Tukey, 1969, 1977). As reliance upon statistical analysis lessens as demonstrated by
relaxed statistical methods, the importance of graphs and charts increase (Tukey, 1977).
For the study of 1:1 implementation in the Davis School District, EDA methodology was
selected for use. EDA addressed the research question within the context that it was asked, and a
generally flexible, broad, and interpretive approach was used to investigate the set of data produced
in the 1:1 implementation for exploratory and not confirmatory purposes (Gall et al., 2003; Tukey,
1969). This approach was used both philosophically and statistically in analysis where primarily
three methods of inquiry and comparison were used to interpret the data and answer the research
question. In addition to graphs and tables (Tukey, 1977), a lowered value for effect size measures
where d = 0.4 was used to identify mean differences of interest (Cohen, 1988), and the alpha level for
tests of statistical difference was raised from .05 to .10 (Gall et al., 2003) for reasons previously
stated. Conclusions were kept within the context of exploration and not for the purposes of
confirmation.
Many follow‐up comparisons and pairwise subgroup comparisons were also used in
interpreting the findings that arose from the data set. To explore this set of data, many group and
subgroup comparisons were made between different demographic groups and between treatment
and control groups associated with them. In summary and for the previously stated reasons, the EDA
approach was an appropriate design and an effective method of inquiry for investigation of the
impact that 1:1 implementations had on the different demographic student groups in the studied
population as measured by student outcomes that are used in assessing school success (School Land
Trust, 2012; USDE, 1983; USOE, 2010).
Teacher and Class Selection
Teachers were selected for participation in the pilot implementation based primarily on
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availability in their class schedule and classroom convenience for a wireless internet connection. For
all teachers included in this research, there were no preconceived criteria for inclusion in the pilot
other than their willingness to participate in the experimental method of instruction and the
accompanying research. All teachers agreed to participate and none were required to do so. The
decision to participate was not associated with professional evaluation.
Teachers choosing to participate were offered a stipend to compensate for the extra
preparation time required to teach one solitary classroom using a different instructional medium
(the laptop and associated practice) than their other traditional classes. In order to receive the
stipend, it was necessary to comply with all of the implementation requirements placed on them by
their acceptance of participation as stated in their professional agreements that were previously
mentioned in Chapter 1: Introduction. A copy of this professional agreement can be found in
Appendix B. The teachers’ experience with educational technology ranged from complete novice to
very experienced. Most teachers participating reported to be efficient in navigating common
programs, but not expert (Lunt, 2011).
When students registered for classes in the spring and summer of 2010, they did not know
that potential participation in a 1:1 initiative was possible. The professionals who enrolled them also
had no idea that a laptop pilot would take place. Announcement for the pilot was made only 1 week
prior to the first day of school, and student registration and final class assignments had already been
made at least 1 month in advance. Student placement within the participating classes for all teachers
was random using a computerized scheduler. Participating teachers were given the opportunity to
determine which class period they would use as their laptop pilot class without being allowed to
choose which students were placed in it. A control group was also selected for each teacher based on
comparable demographic composition to the 1:1 treatment class.
By structuring a control and treatment group for each teacher on each grade level, the grade
level differences occurring because of the different curriculums being taught could be reasonably
controlled. In addition, the teacher effects that could result from different teachers using different
grading styles could also be controlled. Whether or not students perform differently as measured by
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the assessment after 1:1 implementation, to some degree, is what was being studied, and the
different measures of academic and behavioral outcomes can help to determine through
interpretation what may be influencing any differences found within a measure or possibly trends in
differences occurring across more than one measure.
Student or Subject Selection
Although the Davis School District supplied 680 total junior high school students with
laptops in the 2010‐11 school year, the 1:1 host junior high school provided 420 students with Dell
Inspiron Mini 10 netbook computers for the second semester during the 2010‐11 school year. Each
of the 420 laptops was checked out to individual students in a process similar to checking out a
textbook.
For distribution and examination, the school district selected 12 different teachers at the
same junior high school for participation. Each of these teachers selected one class, out of their six
teaching periods, in which all of their students were assigned a laptop. The students and the teacher
used the laptop as their primary instructional resource for that specific class period as has been
described previously in this document. Teachers were to use the laptop daily in their laptop classes
and apply the many different skills and applications taught to them. Participating teachers
represented each of the core curriculum subjects of English, math, social studies, and science on each
grade level in the school (seventh, eighth, and ninth, totaling 12 classes). Although all teachers
included in this research were part of the school district’s pilot, not all pilot teachers were included in
this study.
Only the three science classes from the laptop pilot were included as the treatment group for
comparison in this study with a control group also taught by the treatment teachers. The control and
treatment populations within the science department remained separate until the end of the school
year, meaning that students did not go from a science control class to a science treatment class
during the second semester of school when implementation occurred. Participating teachers only
taught one designated laptop class and they all taught one control group class of comparable
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demographic makeup for comparison.
It was both the school district’s and the researcher’s intent to gain data from comparison
between the different (control and treatment) classes. Students in either the control or treatment
groups could take their laptops that were assigned to them (if they had a pilot laptop class in their
schedule) into other classes or subjects and also home if they chose to, but it was not observed that
students frequently took the laptops into other classrooms (B. Hunt, personal communication, June
11, 2011).
Since the three different science teachers each taught multiple sections of the same class and
only one of those classes was provided with laptops (e.g., one in six classes for the same teacher used
the laptop), there was ample opportunity to identify control groups or classes for each teacher. For
every treatment science class included in this study, a control classroom of the same teacher was
selected with similar demographic composition. Each science class had nearly 30 students. This
meant that a control population of 81 students, assembled from three different control classrooms,
was compared to the treatment population of 81 students from three different treatment classrooms.
Each class was either taught as a laptop class or as a traditional class but not both. Three different
teachers each taught one control class and one treatment class.
Although control group classes utilized technology such as computer labs or digital
projectors, laptops were not introduced in these settings and instruction from the teacher was not
designed specifically around its use. Again, laptops that were issued in curriculum subjects other
than science were not observed to be used in the control science classes.
The distinctions between economic and ethnic demographic groups will be explained in a
section that is to follow, but all distinctions between demographic subpopulations were based on
declarations and qualifications made during summer registration for the 2010‐11 school year. This
data was recorded in the school district’s electronic database and was used for comparison of
student outcomes by demographic subgroups of students. Using these criteria, all students included
represented an ethnic and an economic classification.
The population of students selected for this study was representative of the general
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population demographics that existed at the host school at the time of implementation. The total
student enrollment for the school was 971. The existing percentages and classroom ratios were:
a.

Total student population participating in either a treatment or control science classroom
was 162 students (81 each in control and treatment groups).

b.

Total economically disadvantaged student population or low‐income status was 93 of
the 162 participants or 57%. Forty‐eight participants were in the control group and 46
participants were in the treatment group.

c.

Total ethnic minority student population was 30% or approximately 48 total students
with 25 students in the treatment group and 23 students in the control group.
Student Groups Being Compared

Using ethnic classifications established during student registration, the divisions that were
originally planned for comparison were:
1.

Hispanic students.

2.

White students.

3.

Other ethnicities (African American, Pacific Islander, Asian, and Native American).

Two economic divisions, as established by federal guidelines for free and reduced school
lunch status, were also made and these were:
1. Students who received free and reduced lunch (low income).
2. Students who did not receive free and reduced lunch (high income).
Because of the low number of participants (a total of seven students, or three and four in the
treatment and control groups respectively) that were associated with the “other” (African American,
Pacific Islander, Asian, and Native American) minority classification, this group was combined with
the Hispanic student population in order to boost statistical power and increase the validity of
comparison. By combining these groups, an “ethnic minority” or “minority” group was created
separate from the other ethnic classification of “White” students. These two terms were used
consistently in the study to separate these two groups.
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In the end, comparison was made between two demographic criteria: two economic
subpopulations (low income and high income) and two ethnic divisions (White and ethnic minority)
across control and treatment settings. Thus, the comparison became 2 x 2 x 2.
Additional comparisons were made for each measure of outcome for two reasons. First,
since the school district included one class from twelve different teachers in four different
curriculum areas in their 1:1 pilot, students in both the treatment and control groups potentially had
an additional laptop class in their school day. Although participation in the 1:1 science classroom was
still a unique experience to all treatment group students as described in Chapter 1: Introduction, the
influence of other scheduled laptop classes in student class schedules needed to be accounted for and
investigated in both the treatment and control settings.
Second, the opportunity to explore a potential relationship between student success in
science class and increased exposure to the laptop in the classroom setting was available. It was of
interest to identify the potential impact of increased laptop use in the school setting on the
previously identified measures of student outcomes. Findings in this comparison could help control
against the potentially contaminating variable of laptop use in other classes, and this comparison
could increase the meaning and application for the results obtained from each measured outcome.
The flexibility provided by EDA design (Tukey, 1969) allowed for adjustments such as these to be
made.
Listed below are the criteria used to define the groups for the additional comparisons that
were conducted for this study. All possible pairwise comparisons for these groups can be found in
Appendices G and H. The comparisons indicating the variables having the most influence on
measures of student outcome will be mentioned in Chapter 4: Findings and Analysis. The first set of
student groups compared in this analysis was not categorized based on participation in either the
control or treatment groups. This allowed for a comparison of measured outcomes based on the
amount of exposure to laptop use in the student’s class schedule. Here are the criteria for group
identification for this comparison:
1.

Students with no laptop class in their schedule. These students had to be in the control
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group.
2.

Students with one laptop class in their schedule. These students could potentially come
from either the treatment or the control group if the control group student had another
scheduled laptop class that was math, English, or social studies.

3.

Students with two or more laptop classes in their schedule. These students were
treatment group students with one other laptop classes in their schedule (math, English,
or social studies).

There were no control group students with two laptop classes in their schedule and there were no
treatment students with three laptop class in their schedule.
A second set of variables was also used for comparison of students in the treatment science
classes to see if increased computer use in other classes impacted their science grades. These groups
were defined for comparison as being:
1.

A treatment group of students with no other laptop class assigned.

2.

A treatment group of students who did have another laptop class (math, English, or
social studies) to which they were assigned.

A third set of criteria was used for comparison of students in the control science classes to
see if increased computer use in other classes impacted their science grades. These groups were
defined for comparison as being:
1.

A control group of students with no other laptop class assigned.

2.

A control group of students who did have another laptop class to which they were
assigned.

To summarize, comparison was made between three groups defined by the number of
computer classes scheduled across control and treatment settings. This additional comparison
provided helpful information used to determine the influence of other laptop classes and increased
laptop exposure in the classroom on results obtained for the demographic comparisons.
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Student Privacy and Data Storage
Any name of a student, a teacher, or a school in this study was not transferred from the Davis
School District system to the SPSS database or to any other electronic or printed document in order
to insure compliance with all students’ rights to privacy and the school district’s obligation to abide
by the Family Education Rights and Privacy Act (FERPA; Federal Register, 2001). A random
numbering system was used for identifying students. Attendance information, discipline occurrence
statistics, and student grades were collected from the Davis School District Research and Assessment
Department’s computerized database called Encore. Data was transferred from the school district
database to IBM’s SPSS analysis software for comparison while adhering to the previously stated
guidelines. As long as these conditions were met, the Davis School District agreed to participate with
this researcher and Utah State University. Documentation of approval to conduct research is found in
Appendix A: Letters of Permission to Conduct Research from Davis School District and Utah State
University.
Student Outcomes and the Measures Used to Quantify Them
The First Measure: Academic Credit Acquisition
For comparison of the rate of successful course completion, any grade received for the class
that was a “D‐” or better was labeled as passing and those with an “F” were considered failing.
Passing term grades were recorded as one term or quarter credit and failing grades were assigned
zero credits. This is similar to how high schools measure credit for graduation, although high schools
record term credit as 0.25 graduation credits.
Comparing the number of classes passed and failed provided a measure associated with the
needs of the student at higher risk of failing to graduate. Logically, students at risk of not graduating
and failing in the educational system are those who more frequently fail classes required for
graduation (Byrnes, 2009). Therefore, this measure provides needful information about the students
who may not graduate because they failed their science class. To summarize one of the secondary
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research questions, when the laptop was introduced: Was there a difference between demographic
groups of students in the number of students who passed or failed science? Although there are many
important reasons that differences could occur, it must be determined if a difference was to be found
after implementation.
Two term credits were available each semester. The academic credit acquired in the first
semester (passing grade = 1 term credit) was subtracted from the credit obtained in the second
semester after laptops were introduced to identify differences (a change or gain score) in credit
obtained for each student. These differences were then compiled into group means, and the means
were compared with one another using bar graphs and tables common to EDA (Tukey, 1977). An
effect size measure was used as reference for the magnitude of difference between the means being
compared, and a general test of statistical difference was also used for comparison based on
exploratory and not confirmatory purposes (Gall et al., 2003; Tukey, 1969). Since the minimum and
maximum change score for any participant could not be less than “‐2” or more than “2” there was no
need to account for outliers in this measure (Dixon, 1960). Only two term credits were available each
semester.
The Second Measure: Term Grades
For comparison of student grades, each term grade was assigned a grade point or empirical
value similar to those traditionally used for establishing a traditional grade point average (GPA) used
in secondary or higher education. For reference: A = 4.0; A‐ = 3.667; B+ = 3.333; B = 3.0; B‐ = 2.667;
C+ = 2.333; C = 2.0, C‐ = 1.667; D+ = 1.333; D = 1.0; D‐ = 0.667; and F = 0. The average grade point
value received in the first semester (average of the first and second terms) was subtracted from the
average grade point value received for the second semester (third‐ and fourth‐term average) to
obtain a change score for the participants in both the treatment and control groups. Using change
scores, means were determined for all demographic groups of students and compared. Comparison
was made between groups using bar graphs and tables common to EDA (Tukey, 1977). An effect size
measure was generated as reference for the magnitude of difference between the means being
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compared, and a general test of statistical difference was conducted for exploratory and not
confirmatory purposes (Gall et al., 2003; Tukey, 1969).
The comparing of student grades was a separate measure from examining pass and failure
rates. Student grades were believed by the researcher to be a better indicator of changes in student
outcomes and student performance for the majority of students and especially those who usually
pass their classes. Where student pass and fail rates helped to detect changes in academic
performance, particularly for lower achieving students, the difference in student grades helped to
identify a change in student outcomes for all students. Since the minimum and maximum gain score
for any participant could not be less than ‐4.000 or more than 4.000, there was no adjustments made
for outliers (Dixon, 1960) in this measure.
The Third Measure: Common Summative
Unit Assessments
When this research was proposed, it was believed that since the three treatment and control
classes were taught by the same three teachers, common assessments were readily available for
comparison. It was proposed that eight total (two from each term) summative assessments
consisting of unit or laboratory tests could be used to compare student performance between the
treatment and control groups. Comparing these measures, however, proved to be more complicated
and messy than the original proposal suggested. For example, the data was acquired from three
different grades and curriculums and each assessment from each grade was based on a different
assessment that was composed of different quantifiable values. It was originally believed that z
scores could be used to standardize the measures for comparison and that these values would be
preferable to percentages. After exploring these measures by conducting analyses and making
several comparisons using a variety of methods, it was determined that there were too many
extrinsic variables associated with the use of so many different types of assessments that little
confidence could be placed in the values provided by statistical comparison. Therefore, it was
decided that the findings for the analyses of this measure should not be included in either Chapter 4:
Findings and Analysis or in Chapter 5: Discussion of Findings. This measure was similar in nature to
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the previous two measures of academic outcomes and it is anticipated that the outcomes would have
been highly aligned with the findings for the other two measures. Also, multiple measures were
originally proposed for exploration because it could not be determined prior to explorative analysis,
which measures would be most reliable and useful in answering the primary research question.
The Fourth Measure: Student Attendance
Unexcused student absences were totaled for the first and second semesters. Only absences
that were not excused by the school were measured and used in comparison to account for students
who may be missing school for school‐approved reasons. The reason for an absence was coded in the
attendance record of the school district database. Change scores were determined showing the
difference between the total of non‐school excused days absent in the first semester and the total of
non‐school excused days absent in the second semester. For this measure, some statistical
adjustments did need to be made in order to account for outliers in the data set (Dixon, 1960). After
change scores were established for each student, the change scores were changed to z scores and the
outliers were trimmed (Dixon, 1960) from the data set. The details of this adjustment will be further
explained later in this document. Graphs and tables common to EDA (Tukey, 1977) were used for
visual comparison of both the z score means and the actual means. An effect size measure was
generated and used as reference for the magnitude of difference between the means being compared,
and statistical analysis was also used as reference of mean differences.
Attendance is sometimes considered a secondary measure of student achievement because
some are of the opinion (B. Hunt, personal communication, July 25, 2011) that the learning of
essential skills and knowledge is more important than the time a student spends at school (Gottfried,
2010). There is a strong correlation, however, between the amount of time that a student attends
school and the level of knowledge that a student is eventually able to demonstrate (Coutts, 1998;
Gottfried, 2010). Also, attendance is often used as a measure associated with student motivation and
engagement with the instructional institution (Coutts, 1998; Gottfried, 2010). It was of interest to
identify the influence 1:1 implementation on student attendance.
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Attendance has become a key measure used by federal and state governments and to the
general public as an indicator of school success (School Land Trust, 2012; USOE, 2010). For these
reasons, this measure has been included in this study and the same methods of investigation will be
used to explore (Tukey, 1969) this measure, as has been stated in previous measures of student
outcomes.
The Fifth Measure: Student Discipline Incidents
Numbers for incidents of negative behavior resulting in administrative referrals were
obtained from the district’s database for each student for the first and second semesters. Often,
negative student behavior is associated with disconnect, low motivation, or low comprehension by
the student towards a curriculum (Lemov, 2010). Consequently, rates of negative student discipline
occurrence were recorded for comparison.
For this measure, totals were identified for first and second semesters and change scores
were created and compared using graphs and tables common to EDA (Tukey, 1977). An effect size
measure used as reference for the magnitude of difference between the means being compared, and a
general test of statistical difference for exploratory and not confirmatory purposes was conducted.
Although this measure had the potential for an outlying score to skew the data, the largest change
score recorded was a “3” and this value had not been changed to a z score. Therefore, it was
unnecessary to statistically adjust for outliers (Dixon, 1960).
Outliers and Trimming Means in Preparation for Statistical Comparison
Prior to statistical analysis, the data sets were adjusted to account for any statistical outliers
that could potentially skew statistical analysis. To account for outliers, means were “trimmed” where
appropriate (Dixon, 1960). To “trim the means,” all change scores in the measures where outliers
were problematic were first transformed into z scores. After review of the data set, only the measure
of student attendance produced data where outliers could potentially skew mean comparisons. Thus,
the change scores for all participants in this measure were transformed into z scores. All z scores in
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these measures with values above +3 or below ‐3 were trimmed or changed, in the data set to be +3
or – 3, depending on their beginning value (Dixon, 1960) prior to statistical analysis. The number of
outliers within the measure of attendance was small and less than five z scores required adjustment.
Importance of Change Scores (Gain Score) for Comparison
Using student change scores for comparison was important for three reasons. First, the
change (gain) score measured change in the individual student’s outcome measure from one
semester to the next. By measuring change in the individual student’s performance, elements of same
subject comparison were used within a larger group mean comparison (A. Hunt, personal
communication, December 10, 2011). Second, change scores measured individual student change
even though they were also used to compare group means visually with graphs and tables (Tukey,
1969), and statistically with effect sizes and p values. This helped control against preexisting
differences between student participants. Third, comparing different student outcomes by
demographic groups using student gain scores or change scores was similar methodologically to the
research design used previously in two earlier studies that were similar in their research focus to this
one (Stevenson, 1999; TCER, 2009) as referenced in the review of the literature. These studies were
both discussed in Chapter 2: Literature Review and focused on 1:1 implementations in Beaufort,
South Carolina (Stevenson, 1999), and in the Texas Technology Immersion Pilot (TCER, 2009). Thus,
the use of change scores in this study is further supported because change scores are a comparable
and an established (Stevenson, 1999; TCER, 2009) method for measuring the impact of a 1:1
implementation on student outcomes.
If student outcomes naturally differed between the first and second semesters due to
weather, fatigue, or any other unpredicted change impacting the school, then it was believed that the
control and treatment change scores should be affected equally. It was not assumed that all
demographic groups would change equally from one semester to the next, but it was assumed that
the change experienced by a demographic group would be comparable between treatment and
control settings, unless the laptop introduction had an influence on the change that did occur.
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For the academic measures of student outcomes (i.e., credit acquisition and GPA), the first
semester scores were subtracted from the second semester scores. For the behavioral measures of
student outcomes (i.e., attendance and the number of discipline referrals to administration), the
second semester totals were subtracted from the first semester totals. This allowed for the change
score values to consistently represent improvement in outcomes during the second semester with a
positive value. Although this difference does not impact statistical significance as identified by
statistical analysis, it does maintain consistency for the reader and helps to provide clarity and
accuracy in the interpretation of the data.
Treatment
Participating teachers received training beginning in August on how to use technology to
teach their laptop classes most effectively using the new tool. At the beginning of the second
semester, the laptops were assigned to students in the experimental classes on a 1:1 ratio. The
specific differences experienced by teachers and students in the classes that were designated as
laptop or treatment classrooms have been described in detail in Chapter 1: Introduction. Student
participation in a laptop science class is used to define “treatment” for this study. Treatment occurred
during the second semester of school and change scores for the previously mentioned measures
were obtained for comparison. Thus, randomly assigned participation in a 1:1 laptop class is
considered the treatment variable and the measured student outcomes are the dependent variables
used for comparison.
Comparisons Used to Identify the Different Reactions of Demographic
Groups to 1:1 Implementation
The comparisons selected as the methods for exploratory comparison are each described
next.
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One: Overall Mean or Average Change
Score for the Measure
The first statistic evaluated for each measure of student outcome was the whole group mean
or average difference between the first and second semesters (change score). This identified the
general trend among all students as to whether or not performance for that specific measure
improved or became worse during the second semester. This statistic did not account for division
into treatment and control groups but provided the general trend within a measured outcome for all
participants. For example, it was anticipated that attendance in the second semester of school would
generally be worse than the first semester due to circumstances such as illness in the late winter, a
more challenging curriculum, discouragement, and fatigue.
Two: Main Effects Comparison for Control
and Treatment Groups
This comparison indicated whether or not the treatment generally had a positive or negative
effect on the participants for each measure. In more confirmatory analysis, main treatment effects
are checked prior to examining subgroup comparisons. If main treatment effects are not identified,
often there is no need (in confirmatory analysis) for additional examination (A. Hunt, personal
communication, November 12, 2011). This study, however, was exploratory in nature (Gall et al.,
2003), and an essential purpose was to compare subpopulations of students on multiple
demographic levels to identify differences that may not be seen in the whole group comparison or
analysis. Consequently, a progression from general to specific subgroup comparisons was a research
method.
To begin this progression, treatment and control means were compared with one another
using bar graphs and tables common to EDA (Tukey, 1977), Cohen’s d (Cohen, 1988) was used as an
effect size measure as reference to the magnitude of difference between the means being compared,
and the Generalized Estimating Equation or GEE model (Zeger & Liang, 1986) was used as a test of
statistical mean difference and to obtain p values associated with main effect difference between
treatment and control groups. In the next section, “Comparisons and Tests of Mean Difference,” the
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reasons for the selection of Cohen’s d and GEE as methods of analysis will be discussed. These
measures of difference were used to interpret the influence of the factors studied on the dependent
variables.
Figure 3.1 provides a visual representation for this main effects comparison. The groups
being compared are indicated by circles. The comparisons being made are represented by the arrow.
The values produced through the analyses that were interpreted to determine practical and
statistical differences are typed around the arrow.
Three: Effects Comparison for Ethnic Groups
This comparison generally indicated whether or not the change in semesters had a positive
or negative effect on two ethnic groups for each measure without treatment being considered. To
compare the means practical comparison was made using graphs, an effect size value measured the
magnitude of mean difference, and GEE analysis was used to obtain p values associated with the
mean difference between ethnic groups (White students and minority students).
By comparing ethnic group means for difference before further dividing the population into
treatment and control groups, information about ethnic difference was identified that was helpful in
interpreting the later findings of analyses that involved control and treatment divisions.
Figure 3.2 provides a visual representation for this ethnic effects comparison.
Four: Effects Comparison for Economic Groups
This comparison generally indicated whether or not the change in semesters had a positive
or negative effect on two economic groups for each measure without treatment being considered. To

Control
Group
Mean

Difference Measures:
Mean Comparison
P Value
Effect Size = d

Treatment
Group
Mean

Figure 3.1. Main effects comparison for control and treatment groups.
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Figure 3.2. Effects comparison for ethnic groups.

compare the means practical comparison was made using graphs, an effect size value measured the
magnitude of mean difference, and GEE analysis was used to obtain p values associated with the
mean difference between economic groups (low‐ and high‐income students).
By comparing economic group means for difference before further dividing the population
into treatment and control groups, information about economic difference was identified that was
helpful in interpreting the later findings of analyses that involved control and treatment divisions.
Figure 3.3 provides a visual representation for this ethnic effects comparison.
Five: Comparison of Ethnic Groups (White
and Minority) After Division into
Treatment and Control Groups
To compare the means, practical comparison was made using graphs, an effect size value
measured the magnitude of mean difference, and GEE analysis was used to obtain p values associated
with the mean difference between groups.
The purpose of these comparisons between treatment and control groups within the same
ethnic population was to determine what the effect of treatment was on the measured student
outcomes within the same ethnic group. Which ethnic groups were being influenced by laptop
introduction? Figure 3.4 provides a visual representation for these comparisons.
Six: Comparison Between Ethnic Groups for
Differences in Treatment Change Scores
To compare the means, practical comparison was made using graphs, an effect size value
measured the magnitude of mean difference, and GEE analysis was used to obtain p values associated
with the mean difference between groups.
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Figure 3.3. Effects comparison for economic groups.
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Figure 3.4. Comparison of ethnic groups (White and minority) after division into treatment and
control groups.

For this comparison, the differences between mean change scores from treatment groups for
White and minority populations were compared with one another. These differences between
treatment group change scores investigated the possible differences between the White student’s
reaction to the laptop introduction and the minority student’s reaction to the laptop introduction
without referencing any differences to the control groups. This helped to determine whether or not
ethnic background moderates reactions to the same treatment. Was there a measurable difference
between ethnic treatment groups in response to the introduction of laptops? Figure 3.5 provides a
visual representation for this comparison.
Seven: Comparison of Economic Groups After
Division into Treatment and Control Groups
To compare the means, practical comparison was made using graphs, an effect size value
measured the magnitude of mean difference, and GEE analysis was used to obtain p values associated
with the mean difference between groups.
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Figure 3.5. Comparison between ethnic groups for differences in treatment change scores.
The purpose of these comparisons between treatment and control groups within the same
economic populations was to determine what the effect of treatment was on the measured student
outcomes within the same economic group. Which economic groups were being influenced by laptop
introduction? Figure 3.6 provides a visual representation for these comparisons.
Eight: Comparison Between Economic
Groups for Differences in Treatment
Change Scores
To compare the means, practical comparison was made using graphs, an effect size value
was generated measuring the magnitude of mean difference, and GEE analysis was used to obtain p
values associated with the mean difference between groups.
For this comparison, the difference between mean change scores between treatment groups
for high‐ and low‐income populations were compared. This difference between treatment group
change scores investigated the possible difference between the high‐income student’s reaction to the
laptop introduction and the low‐income student’s reaction to the laptop introduction without
referencing any differences in the control groups. This helped to determine whether or not economic
status moderates reactions to the same treatment. Was there a measurable difference between
economic treatment groups in response to the introduction of laptops? Figure 3.7 provides a visual
representation for this comparison.
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Figure 3.6. Comparison of economic groups after division into treatment and control groups.
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Figure 3.7. Comparison between economic groups for differences in treatment change scores.

Nine: Identification of Interactions (Pairwise)
Between the Treatment Groups, the Ethnic
Groups, and the Economic Groups
The GEE (Zeger & Liang, 1986) statistical model was used to determine differences between
demographic categories of students in control and treatment groups and for each of the smaller
demographic subgroups in several pairwise comparisons for each measure. For each analysis
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conducted for all of the measures investigated and reported on, GEE analysis compared all
demographic subgroups (eight total subgroups) to one another in post hoc pairwise comparisons.
For each pairwise comparison, a p value was produced indicating statistical difference not likely
attributed to chance. All of the statistically different findings for these comparisons will be reported
in Chapter 4: Discussion of Findings.
In addition to the pairwise comparisons found in Chapter 4: Discussion of Findings, Table 4.2
represents all subgroup means and also was used for reference in the interpretation of all
comparisons (one through eight) that have been previously described.
Ten: Comparison Assessing Potential
Differences Found Between Students
Using Laptops in Other Classes as
Discussed in the Delimitations Section
This analysis was added to the research design for all measures of student outcomes so that
it could be determined whether or not the use of a laptop in other curriculum subjects (not science)
influenced the data obtained for the treatment and control groups. Tables common to EDA (Tukey,
1977) were used for visual comparison, an effect size measure was generated and used as reference
for the magnitude of difference between the means being compared, and GEE statistical analysis was
also used as a reference of mean differences between groups. The characteristics of groups compared
for this investigation can be found earlier in this chapter in the “Student Groups Being Compared”
subsection. The statistical comparisons made using effect size comparison and a test of mean
difference have been summarized in tables found in Appendix G and H. The definitions for the
comparisons made for these groups are listed below.


Students with no laptop class in their schedule (only control group students) were
compared with students with one laptop class in their schedule. The students with one
laptop could potentially come from either the treatment or the control group. The
control group students had a laptop class scheduled that was math, English, or social
studies.



Students with no laptop class in their schedule were compared with students with two
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or more laptop classes in their schedule. This comparison was made between control
group students and treatment group students that had an additional laptop class. No
control group students had two laptop classes (math, English, or social studies) in their
schedule.


Students with one laptop class in their schedule were compared with students with two
or more laptop classes in their schedule.

This set of comparisons indicated, generally, whether or not having a 1:1 class or classes
influenced student outcomes in the science class. For these comparisons, treatment and control
group distinctions were not made. Only the number of laptop classes scheduled was used to separate
these groups.
In a second and third set of comparisons, treatment and control distinctions were made and
these comparisons were used to determine the influence of extrinsic laptop classes on outcome
measures in the treatment and control settings. These comparisons were:


The treatment group of students with no other laptop class assigned was compared with
the treatment group of students who did have another laptop class to which they were
assigned. This additional class was math, English, or social studies.



A control group of students with no other laptop class assigned was compared with a
control group of students that did have another laptop class. This laptop class was math,
English, or social studies to which they had been assigned.

By using these comparisons, it is believed that an understanding of the impact of the number
of laptop classes scheduled on student outcome measures could be obtained. Demographic criteria
were not included in the comparisons due to the complexity that model of comparison would
require. Findings for analysis were interpreted cooperatively with all other comparisons measured
to understand the initial impact of 1:1 introduction and answer the primary research question.
Comparisons and Tests Used to Identify Mean Difference
Answering the research question required the comparing of demographic group means in
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addition to comparing means between the control and treatment groups. Consequently, selecting and
applying the appropriate analytic methods for mean comparison was important to drawing insightful
inferences about the set of data studied. Primarily, three methods of analysis were used to identify
and interpret any differences existing between means for outcome measures between the different
groups studied. First, bar graphs and tables were used to display and interpret the group means for
the studied populations and subpopulations. Second, a measure of effect size was calculated for each
demographic group comparison in order to measure the magnitude of difference between the
demographic groups. Third, an appropriate test of mean difference was used to calculate a p value
that identified “whether or not the differences identified were due to chance” (Farlex, 2012). Using
these three methods of comparison, which will now be further explained, the set of data was
methodologically explored for the purposes of expanding rather than reducing and proliferating
rather than narrowing (Stake, 1978; Tukey, 1969, 1977) what is known about demographic group
response to 1:1 implementation.
A Practical Comparison of Means Using
Tables and Graphs
In EDA research design, the use of tables, graphs, and plots are encouraged in order to
identify interesting trends and important differences or similarities in a set of data (Tukey, 1977). In
this study, bar graphs and tables were used primarily for this purpose for each of the four measures
of student outcomes and for the demographic group comparisons. First, bar graphs were used for
each measure to show mean change score comparisons. Next, tables were used to efficiently
summarize the findings of the effect size comparisons and the tests of mean comparisons completed
by GEE and these are found in Appendices E and G. This visual comparison of mean difference used in
conjunction with the statistics representing the effect size comparisons and the test of mean
difference allowed for practical and applicable interpretations to be made.
Measure of Effect Size
In addition to the tests of mean difference, effect sizes were also calculated for each
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comparison. This was helpful to use in conjunction with the results of the test of mean difference and
especially so because some of the subpopulation comparisons had limited sample sizes. Effect sizes
are magnitude based and not related to sample size, so when samples are small or extremely large,
they can be more informative than p values and are always a useful supplement (Cohen, 1988). Since
the effect size comparisons were made between dichotomous groupings, Cohen’s d coefficient or “d”
was selected. Cohen's d can vary in magnitude and the following guidelines are suggested as
benchmark guidelines and are based on Cohen’s original suggestions for comparisons. Since effect
sizes can often be used subjectively as a reference and they are not uniformly accepted standards for
the measure, these are how they will be used as reference in this study: Small effect size, d = 0.1 − 0.3;
medium, d = 0.4 − 0.7; large, d = 0.8 or larger.
Effect sizes were calculated using the actual means for the group and the standard deviations
for the mean as produced by SPSS software. An online effect size calculator was used to create the
Cohen’s d effect size measures (UCCS, 2012) for each comparison made.
Model of Analysis for Statistical Test
of Mean Difference
Answering the research question required the examination and evaluation of differences
that exist in the data between demographic means. Thus, a model of analysis testing mean difference
would provide a statistical reference to help in interpretation along with the effect size measure and
the practical mean comparisons. The ideal value that would provide this information is a p value. P
values provide a reference of probability that indicates how much of the difference found between
two means can be attributed to chance (Farlex, 2012). There are many statistical models based on
the general linear model (GLM) and extensions of that model that provide p values. It is because of
the many options available that the best model of analysis be selected that fits the defining
characteristics of the data set most appropriately.
Researchers should use analytical methods that produce the most efficient parameter
estimates that are also unbiased…, that is, with an expected mean value that is the true
population parameter that is being estimated. (Ballinger, 2004)
By selecting the best model for analysis, the researcher selects a model of analysis with the
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most statistical power. This will help to raise confidence in the results from the statistical analysis
even though analysis was for exploratory and not confirmatory purposes (Tukey, 1969).
Selection of an Appropriate Model of Analysis
It is likely that the most commonly used method of mean comparisons is ANOVA (Brace,
Kemp, & Snelgar, 2009). Originally, an ANOVA design was proposed for this study because it allowed
for the effective comparison of more than one factor at the same time. ANOVA, in its many forms, is a
parametric method based on the GLM and requires that a series of assumptions be met in order for
valid p values to be produced (Brace et al., 2009). A primary assumption that commonly poses a
problem for many studies in the social sciences and organizational research is the requirement of
normal distribution (Ballinger, 2004). Before the ANOVA analysis test was run for this study, the
Shapiro Wilks’ normality test (Shapiro & Wilk, 1965) was used to determine if expectations of
normality were met. When this was completed, expectations of normality were not met in three of
the four measures of student outcome. The measure of GPA was the only normal distribution of data.
Based on the results of the normality test, two nonparametric tests were considered and
these were the Kruskal‐Wallis test (Kruskal & Wallis, 1952) and the Mann‐Whitney U test (Mann &
Whitney, 1947). Because the Kruskal‐Wallis test is the nonparametric substitute for one‐way ANOVA,
only one of the variables of interest could be compared at a time to identify mean differences for the
dependent variable (Brace et al., 2009). Also, all three independent variables of interest were
bivariate and this meant the use of the Kruskal‐Wallis test would essentially be a repetition of the
Mann‐Whitney U test for each comparison made. In addition to the problems caused by the many
individual comparisons that would be made if the Mann‐Whitney U test were used, the statistical
power associated with a nonparametric test is lower than that of a parametric measure (Bronars,
1987). Furthermore, these nonparametric tests compare median differences using a ranking system
(Mann & Whitney, 1947) while GLM analysis uses mean comparisons and provides reference to the
mean difference found between groups. For the purposes of this research, a measure of mean
difference would be more useful in interpretation than would a statistic based on median comparison
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and ranking.
In addition to nonnormal distribution, the set of data obtained from the 1:1 implementation
had additional complications such as the use of “limited range dependent variables” (Harrison, 2002,
p. 446) which are scaled dependent variables where the “range of response is constrained”
(Ballinger, 2004, p. 127). For example, the measure of credit acquisition in this study was not a
binary variable even though students could either pass or fail science in a given term. The measure
was a scale measure because credits obtained were translated into a change score, but the score was
constrained by the practical limits of ‐2 and 2 because that was all the academic credit available to a
student in one school year. This made the distribution of this dependent variable difficult to fit with
many methods of GLM analysis and even challenging for some extensions of that model (SAS Online,
2012). This was not the only measure in this study where range of response (Ballinger, 2004) was of
concern. The literature states, however, that this is not an uncommon circumstance in the social
sciences and suitable models related to the GLM are available in such cases (Ballinger, 2004; Ghisletti
& Spini, 2004).
Also, due to the random enrollment of students within control and treatment classes, the
actual numbers of students representing each of the demographic groups were not completely equal.
This meant that unbalanced cells were common and also needed to be accounted for in model
selection (Herr, 1986). When conditions of normality in a data set are not met and other problems
are encountered, “the generalized linear model GzLM extends the traditional linear model and is,
therefore applicable to a wider range of data analysis problems” (SAS Online, 2012). Consequently,
many models of analysis within the generalized linear model or GzLM can be used to handle
problems of normality and still provide statistical values based on the linear model (Smith & Smith,
2006). For this reason, members of the GzLM were considered to be a better fit than the
nonparametric measures for both the data set and the intended purposes of this research.
Generalized Estimating Equations
Based on the previously stated criteria, the generalized estimating equation or GEE (Zeger &

75
Liang, 1986) was selected as the model of analysis. GEEs are considered a semi‐parametric (Davis,
1991) method of analysis that extend the generalized linear model (GzLM) algorithm to
accommodate nonnormal distribution (Ghisletti & Spini, 2004), unbalanced cell size (Ballinger,
2004), limited range dependent variables (Harrison, 2002), and correlated data due to clustering or
nesting in the data set (IBM, 2011).
GEEs were developed by Scott Zeger and Kung‐Yee Liang (1986) to
produce more efficient and unbiased regression estimates for use in analyzing longitudinal
or repeated measures research designs with non‐normal response variables…. Harrison and
Hulin (1989) identified GEES as an analytic tool with promise for organizational research
because the method accounted for correlation of responses within subject response
variables and was flexible enough for use in analyzing response variables that were not
normally distributed. (Ballinger, 2004, pp. 127‐128)
Ghisletti and Spini (2004) said this about GEEs:
GEEs…provide a general framework for the analyses of continuous, ordinal, polychotomous,
dichotomous, and count dependent data, and relax several assumptions of traditional
regression models. (p. 422)
In other words, the GEE requires less strict and more mild conditions of regularity (Hardin & Hilbe,
2003), which makes it more adaptable than ANOVA and a better fit for this research question and the
obtained data set.
Also, the GEE allows for the inclusion and assessment of interaction terms similar to ANOVA
where other methods of nonparametric analysis do not, and these are of interest to the researcher.
As in ANOVA, marginal means adjusted for the other terms in the model and post hoc comparisons
are available.
Of interest to the researcher for this exploratory study were the post hoc comparisons and
their usefulness in interpreting main effects and group differences. All group and subgroup means
were of interest. Instead of running over 100 individual group and subgroup comparisons with the
Mann‐Whitney U test, statistical software was used to run the GEE analysis once for each measure for
both the demographic and computer group comparisons (eight total analyses). Since GEE is an
extension of the GLM, the p values it provided for the group and subgroup pairwise comparisons
were valuable measures. Being able to compare all treatment and demographic groups and to
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provide a p value as reference for mean difference for each comparison was helpful to answering the
research question. This method of analysis facilitated the comparison of all groups and subgroups for
the outcome measures across three variables of interest and also was used to make an additional
comparison based on the number of laptop classes in the student’s class schedule. Since this study
was exploratory and not confirmatory in nature, multiplicity was not adjusted for in these
comparisons (Jeager & Halliday, 1988).
In the mean change comparisons for demographic groups, the effects were outcome
differences between the control group (no laptops) and treatment group (with laptops), as well as
the differences overall and within each group between the demographic classifications. In the
computer group comparisons, the effects were also outcome differences between the control and
treatment groups, as well as the differences between the three assigned computer class
classifications.
Model Selection Within GEE
Once GEE was selected for analysis, there were also a variety of models within the analysis
that could have been selected for comparison. The GEE is comparatively a more robust form of
analysis that allows for some variation and some error in selecting a specific model for analysis while
still providing a consistent measure of difference (Ballinger, 2004). This would allow for some
variability in the outcome measures being analyzed and provide a general and consistent reference
for the measure of difference between the group means. Since the purposes of research were
exploratory and not confirmatory, a basic model for GEE analysis was selected that included
variables and interactions believed to be of most interest in answering the research question within
the context in which it was asked. This means that all possible interactions were included in a full
factorial model (Fisher, 1926) of analysis and this model was used for all outcome measures for all
demographic and computer groups compared. A backward elimination approach was not used to
reduce variables and interactions from the model included in the analysis to find the most
parsimonious model. This step was not taken because, it is the opinion of the researcher, interactions
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do occur in the school setting and these should be considered (Box, 1990; Fisher, 1926) in identifying
the measurable change that occurs between different demographic groups of students when 1:1
implementation occurs. The practicing school administrator needs to know the amount of
measurable change that could be expected with 1:1 implementation, if it occurs, and future research
can more conclusively determine exactly what demographic variables may influence specific
responses, if there are to be any.
GEE analysis also provides the option of factoring out a subject variable, which is also
referred to as clustering or nesting (Zeger & Liang, 1986) that may cause correlation in the
dependent variable within the model. For example, students can be clustered in classrooms (Ghisletti
& Spini, 2004). One of the limitations of GEE, however, is that when there are few clusters, less than
10 (Ghisletti & Spini, 2004) or 20 (Ballinger, 2004) or the numbers of subjects within clusters or
groups is low, and this number is subjective (Ballinger, 2004), models could be highly biased
(Ballinger, 2004) and less accurate (Ghisletti & Spini, 2004). Both of these conditions presented
problems for this analysis, but steps were previously taken in the establishment of control and
treatment groups to control for teacher and grade level correlations. This is one reason that control
and treatment groups were selected for each teacher and from the same grade level as described in
the Sample Selection section of this paper. Even though statistical corrections can also be used to
account for the small number of nested clusters (Borrel, Bokossa, & Neerchal, 2003; Lu et al., 2007) it
was determined that a simpler model would provide a more reliable and general reference to mean
difference across the different measures. Therefore, the option of controlling for nesting or clustering
(subject variables) was left out of the final model selected for exploratory and not confirmatory
analysis. This was also more in harmony with the originally proposed and approved method of
analysis.
Although p values are an important reference for comparison, caution must be taken, and
especially in this study, as to the value and importance placed on them (Cohen, 1990). Due to the
loose conditions that existed in the treatment condition, the loosely described demographic groups,
and the relatively small number of participants (especially in the subgroups being compared), the p
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values produced in this analysis should not be used for confirmatory purposes. They should be used,
however, in partnership with the actual and practical evaluation of mean difference and the effect
size measures for effective interpretation of the reaction of student groups to 1:1 implementation.
Sample Size Estimation
A statistical power analysis was performed for sample size estimation using G*Power 3.1.2
for the 2 x 2 x 2 ANOVA/simple GEE analyses planned. Based on data from prior studies assessing the
effect of laptop initiatives in various settings, effects sizes varied in these studies from none to very
large using Cohen's (1988) criteria. Given the variability of effect sizes found in other studies and the
smaller total population size selected for this study, the goal of this study was to detect a medium
range effect (d = 0.40 or higher) for a general comparison between the control and experimental
groups. With a two‐tailed alpha = .10 (exploratory value not confirmatory) and power = 0.80, the
projected sample size for this comparison (G Power 3.1.2) is N = 128. Thus, the proposed sample size
of N = 162 was more than adequate for a general treatment vs. control comparison and
simultaneously examined subgroup differences.
Summary of Steps Used for Establishing Change Scores and
Making Comparisons
Demographic Group Comparisons
The steps taken by the researcher to create change scores, means, Cohen’s d values, and p
values are listed here. These steps were common for all measured outcomes in setting up the SPSS
spreadsheet and in conducting the previously stated methods of analysis. The steps are as follows.
1.

Each participant was identified with an identification number.

2.

Each student was then coded as either a treatment or control group member. A “0” was
used to identify the control group participants and a “1” was used to identify the
treatment group participants.

3.

Each student was coded for their ethnic status as either a White student or a minority
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student. “0” was used to identify the White students and “1” was used to identify the
minority students.
4.

Each student was coded according to their SES. A “0” was used to identify the high‐
income students and a “1” was used to identify the low‐income students.

5.

For each measure or assessment, values were recorded in separate spreadsheet
columns.

6.

The values for the first and second terms were totaled for the measures of credit
acquisition, absenteeism, and discipline referral. For the measure of GPA, a first term
average was obtained using grade points for terms one and two. The totals or the
average was used to create a first semester score for each student.

7.

The same process was used to establish a second semester total or average score using
the third and fourth term values.

8.

To create a change score for each student representing the difference between the
measured outcomes for their first and second semesters, one semester total or average
was subtracted from the other semester average (see the previously stated information
about change scores for more details).

9.

Using SPSS software, mean values were obtained for all demographic, and treatment and
control groups previously mentioned in addition to standard deviations for each mean.
Using these values, bar graphs and tables were made for comparison and these can be
found in both Chapter 4: Findings and Analysis and Appendices E and F.

10. The group means and their accompanying standard deviations were used to create
effect size measures (UCCS, 2012). The effect size measures were also recorded in the
previously described tables.
11. GEE analysis was then conducted with SPSS software by using the change scores (or z
scores for the measure of attendance) as the dependent variables. The independent
variables for the comparison are listed as follows: 1. Treatment and control
classification. 2. White or minority ethnic status. 3. High or low‐income status.
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12. SPSS outputs were then used to create the tables that can be found in the Chapter 4:
Findings and Analysis Section and in Appendices E and F.
13. Practical mean differences, the Cohen’s d effect size measures, and the probability or p
values from GEE analysis were then used as references to interpret the data and answer
the research question by identify if demographic groups reacted differently to 1:1
implementation in measurable ways.
Number of Assigned Laptop Class Group
Comparisons
This analysis was used to indicate whether or not randomly assigned computer classes
outside of science class (English, math, or social studies) were influencing the measures of student
outcomes obtained from science classes. The same change score values were used for group
comparisons in this analysis as were used in the demographic group comparisons. The procedures
for these group comparisons were as follows.
1.

The same spreadsheet column used for coding treatment and control groups was again
used for this comparison.

2.

In a separate column, each student was identified and coded as having scheduled “0,”
“1,” or “2” computer classes during the school day.

3.

Using SPSS software, mean values were obtained for all groups previously mentioned in
addition to standard deviations for each mean. Using these values, tables were made for
comparison and these can be found in the Appendix G.

4.

The group means and their accompanying deviations were used to create effect size
measure (UCCS, 2012).

5.

GEE analysis was then conducted with SPSS software by using the change scores (or z
scores for the measure of attendance) as the dependent variables. The independent
variables for the comparison are listed as follows: 1. Treatment and control
classification. 2. Number of scheduled laptop computer classes per student (three
different groups).
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6.

SPSS outputs were then used to create the tables that can be found in the Chapter 4:
Findings and Analysis and the Appendix G. The SPSS outputs can be found in the
Appendix H.

7.

Practical mean differences, the Cohen’s d effect size measures, and the probability or p
values from GEE analysis were then used as references to interpret the data and provide
supplemental information used to explore the research question.

Summary of the Measures Studied and the
Criteria Used to Evaluate the Findings
Table 3.1 shows the chain of evidence used to establish statements made about the impact of
1:1 implementation on different student demographic groups. The list can be used to summarize the
logical thought process that began with the background information and the establishment of a
Problem Statement in Chapter 1: Introduction. The problem was researched and discussed in the
Chapter 2: Literature Review and a perspective was established from which to ask the research
question and conduct exploratory research. The Chapter 3: Methods section clarifies the process
used to conduct the research and states how information will be gathered that can be used to make
inferences and statements about the findings. This table summarizes the process prior to identifying
the important findings of this study and making statements and inferences about them. Specific
citations for the following statements made in the chain of evidence can be found throughout this
document, but were not included in this table.
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Table 3.1
A Summary of the Chain of Evidence
Variable

Evidence

Background

 Academic success (high school graduation) influences economic success and social opportunity.
 Gaps exist in student success between demographic groups.
 Many believe that 1:1 implementation (internet connected laptops) will help to overcome
academic achievement gaps by providing all students with equal access to information.
 The literature indicated that 1:1 implementation has had different effects on different student
outcome measures.
 There have been few consistent findings for measured student outcomes across all studies and
none relating to outcomes frequently used to measure school success

Problem statement

 It has not yet been concluded as to how different demographic student groups respond on
important measures of student outcomes when 1:1 implementation occurs.
 Possibly, the difference in the findings as stated in the literature relates to the demographic
composition of the schools undergoing 1:1 implementation.
 Educational administrators are in need of accurate information on this issue, and further
exploratory research is suggested.

Research question

 In a public junior high school’s science classes, what were the initial differences in student
outcomes that occurred between demographic populations of students when laptops were
introduced in a 1:1 laptop implementation?

Research method

 Exploratory data analysis (EDA) was selected as the research design to explore this question.
 Science classes participating in a 1:1 pilot in the Davis School District were selected as the
sample for investigation. Eighty‐one students formed a control group and 81 students formed a
treatment group. There were 162 total participants.
 The student outcome measures proposed and used for comparison between treatment and
control groups were: 1. Academic credit acquisition; 2. Term grades; 3. Student attendance; and
4. Student discipline incidents.
 Laptops were introduced at the beginning of the second semester in the 2010‐11 school year
and treatment occurred to the end of that school year.
 For each measure a change score was established for each participant. These were calculated by
finding the difference between a first semester total or average score and a second semester
total or average score. This identified the change in measured outcomes after the treatment
occurred.
 Comparisons between group means were made using bar graphs and tables, a Cohen’s d effect
size measure, and p values produced by GEE.
 An additional comparison was made to control against the impact of 1:1 classes scheduled to
students outside of their science classes. These findings were also used to explore a potential
difference in measured outcomes resulting from more time spent in 1:1 settings.

Findings and
discussion

 The results of the mean comparisons, the calculated effect sizes, and the GEE analysis were all
used to interpret the response of students and answer the research question.
 Interpretation of these findings provided information about the impacts of 1:1 implementation
on different demographic student groups as measured by outcomes.
 Based on the findings from the data, statements were made concerning 1:1’s impact on the
students studied in response to the research question.
 Statements were also made that apply the findings of this study to the broader philosophical
discussion about 1:1 implementations.
 From these statements, applications were suggested to school administrators for future success
in 1:1 transitions.
 Suggestions for future research were made.

83
CHAPTER 4
FINDINGS AND ANALYSIS
Introduction
The measures used for comparison to explore and answer the research question are listed as
follows.
1. Term credit acquired or course pass/fail rates.
2. Term grades (GPA).
3. Student attendance (absenteeism).
4. Discipline referrals to school administration.
At the completion of the school year, data associated with the laptop implementation used in
this analysis was transferred from the school district Encore database to SPSS software. The findings
for this data and the analyses that accompany it will now be reported using graphs, tables, figures,
and commentary. The discussion of the findings drawn from this data will be reserved for Chapter 5:
Discussion and Findings.
As mean differences are reported it is important to remember all outcome measures are
represented as change scores based on the differences between first and second semester scores.
These change scores were uniquely representative of the specific outcomes measured.
For the academic measures of student outcomes (i.e., credit acquisition, GPA), the first
semester scores were subtracted from the second semester scores. This allowed positive change
scores to reflect academic improvement during the second semester.
For the behavioral measures of student outcome that reflected student attitude and
motivation (i.e., attendance and the number of discipline referrals to the administration), the second
semester totals were subtracted from the first semester totals. This again allowed for the change
score value to represent improved behavior during the second semester with a positive value.
Although this difference does not impact statistical significance as identified by statistical analysis, it
does maintain consistency for the reader and helps to provide clarity and accuracy in the
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interpretation of the data.
All positive change score values will represent improvement in the second semester while
negative values indicate poorer performance in the second semester. The grand mean value for each
measure (prior to differentiating between demographic groups or treatment and control groups) can
be used to identify the general trend which occurred during that term. Control groups can also be
used for comparison against treatment groups to determine if changes in outcomes naturally
occurred or whether there was a difference between the two groups that could, or should be
attributed to something else.
Since answering the proposed research question required the accumulation of data across
four different measurements and across two sets of analyses (demographic groups and laptop
computer classes scheduled), the reporting of the research findings will be conducted as follows.
1. A figure (or bar graph) will be used to show a side‐by‐side visual comparison of the mean
differences obtained for all the demographic student groups. Bar graphs for all four measures will be
included in the subsection Demographic Mean Bar Graph Comparisons for Student Outcome
Measures. An additional bar graph appears in this section to show the means for the measure of
student attendance and not just the z score comparisons.
2. In the section, “Reporting of Statistics of Difference as Determined by Effect Size
Measures and P Values Associated With Comparisons,” the statistical comparisons found to have
measures of statistical differences will be shown in Table 4.1 later in this chapter. All comparisons of
statistical differences for both the demographic groups and also the groups divided by the number of
computer classes scheduled have been included in this summary table. The measures of statistically
interesting difference are the effect sizes measured 0.4 and higher with Cohen’s d, and the p values
produced by GEE analysis that are less than .10. These are the comparisons listed in the table for
further interpretation and discussion. Summary tables and SPSS outputs for all comparisons
specified in Chapter 3: Methods, can be found in Appendices E‐H.
3. Table 4.2, also shown later in this chapter, was created to show the means for all
demographic and treatment and control subgroups. This table, and the values it presents, was used in
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interpreting which subgroups where responsible for influencing the statistical differences in the
larger group comparisons will be shown in Table 4.1.
4. After the statistical differences for all measures were represented by following steps 1‐3,
the findings specific to each outcome measure are addressed and then summarized for each measure.
This was done in a subsection for each specific measure. The following two objectives were met in
these subsections.
a. The subgroup pairwise comparisons (using treatment, ethnic, and economic distinctions)
that were identified to be of interest (p = .10 or less) through post hoc pairwise
comparison are represented by tables for interpretive purposes. Also, differences in
subgroup means found in Table 4.2 are discussed.
b. Using all bar‐graphed mean comparisons and the comparisons of statistical difference as
identified by Tables 4.1, 4.2, and the tables specific to the pairwise comparisons for each
measure (Tables 4.3 or 4.4), a summary of findings for each outcome measured has been
provided. However, discussion, full interpretation, and the application of the findings
have been reserved for Chapter 5: Discussion of Findings.
Demographic Mean Bar Graph Comparisons for Student Outcome Measures
In order to show a side‐by‐side comparison of all group means for all measures, the
following bar graphs have been provided in Figures 4.1 through 4.4. Any labeled demographic group
without a representative bar (horizontal bar graph) next to it on the graph represents a zero value
for its mean. The basic unit of measure for all graphs will be listed at the top of the figure.
Reporting of Statistics of Difference as Determined by Effect Size
Measures and the p Values Associated with Comparisons
As can be identified in the bar graph comparisons, there are mean differences which
occurred between demographic groups for all measures. Effect size measures and tests of mean
difference were used to interpret the magnitude of difference in the comparisons and the probability
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Table 4.1
Summary of All Findings of Statistical Difference for Groups Compared
Variable

Comparison summary

Measure of credit acquisition

 General economic effects comparison (no treatment and control distinctions)
High income was compared with low income: mean difference = 0.1; p =.09;
d =0.22
 High‐income treatment was compared with low‐income treatment: mean
difference = 0.18; p = .02; d =0.48

Measure of GPA

 White control was compared with White treatment: mean difference = 0.38;
p = .03; d = 0.42
 White treatment was compared with minority treatment: mean difference = 0.36;
p = .02; d = 0.45
 For the comparison of the number of laptop classes in a student’s schedule, it was
found the treatment students with an additional 1:1 laptop class in their class
schedule averaged a half grade or 0.34 more improvement on their science grades
than did the treatment students without an additional laptop class in their class
schedules. This difference measured an effect size of 0.4

Measure of attendance

 High‐income control was compared with high‐income treatment: mean difference
= 0.4; p = .03; d = 0.12
o The actual mean differences reported in Figures 4.3b and the effect size
measure of 0.12 indicate there are no practical differences in these group
differences even though statistical analysis may indicate otherwise.
 The subgroup mean comparisons indicated this difference occurred randomly and
appeared to have little connection to the laptop implementation.

Measure of discipline occurrence

 White treatment was compared with White control: mean difference = 0.12;
p = .08; d = 0.32
o The mean difference between these groups was actually so small that the
difference is of no practical importance even if statistically there appears to be
an interesting difference. The differences seen in the bar graph in Figure 4.5
also support this conclusion.



Two comparisons of statistical difference were also identified for groups
separated by the number of scheduled laptop classes (Table G.4 in Appendix G).
The actual difference between these groups compared (mean difference = 0.14
and 0.16) were also of no practical importance.

Note. This table was generated from information taken from the complete Demographic Group Comparison Summary Tables
and SPSS outputs that can be found in Appendices E‐H.

presented here, review of what occurred in each measure and how the subgroups influenced the
overall group means will follow in the subsections dedicated to each measure. For the summaries
specific to each measure, Table 4.2 shows each of the subgroup’s responses and will be used to help
determine the subgroups influence on the larger group comparisons for each measure.

90
Table 4.2
Subgroup Mean Change Scores for Academic Outcome Measures
Subgroup

n

Credit

Credit SD

GPA

GPA SD

Treatment

26

‐.27

.67

‐.40

1.04

Control

29

.03

.68

.32

.95

Treatment

30

.00

.26

‐.07

.83

Control

29

‐.03

.19

‐.02

.90

Treatment

20

‐.10

.31

.11

.75

Control

18

‐.11

0.58

‐.19

1.16

Treatment

5

.00

.00

.13

.22

Control

5

.00

.00

.03

.66

White, low income

White, high income

Minority, low income

Minority, high income

What can be identified from the bar graphs of mean comparisons (Figures 4.1 ‐ 4.4) is that
the differences occurring between demographic groups for the measures of attendance and
discipline referral to administration are small and are of no practical importance. The lack of
difference in means for these measures is an important finding and this will be discussed later in this
paper. Reporting the subgroup means for both of these behavioral measures in Table 4.2 will be of
limited value. Thus, these means and the p values of statistical difference for the pairwise subgroup
comparisons for the behavior measures will not be included in tables after Table 4.1 where statistics
of practical and statistical difference were listed for the academic measures. These means and the
subgroup comparisons for the behavioral measures will be commented on in the summaries of
findings for those specific measures, but they were not included in tables in this chapter. Complete
tables for all comparisons can be found in Appendices E‐H. Table 4.2 also shows the means for the
academic subgroups.

91
Findings for Measures Used to Compare Acquisition of
Credit (Pass/Fail Rates)
In this section, all comparisons of interest relative to the measure of credit acquisition are
represented. First, the pairwise mean comparisons of statistical difference are listed in Table 4.3 and
discussed. Second, all findings of inters for all comparisons made for this measure are summarized in
the indicated subsection.
Subgroup Pairwise Comparisons of Statistical
Difference for the Measure of Credit Acquisition
In this measure there were found to be five specific pairwise subgroup comparisons with
statistical differences out of all pairwise subgroup comparisons made during GEE analysis. All five of
these included comparison with the low‐income White group of students. It was this subgroup of
students who performed worse with treatment than did any other subgroup, including the minority,
low‐income, treatment subgroup.
It would have been an easier task to list all of the demographic subgroups that did not differ
significantly from the low‐income, White, treatment students than it was to list the ones that did. The
two subgroups that did not differ statistically from the low‐income White treatment students were
the low‐income minority control subgroup (mean = ‐0.11) and the low‐income minority treatment
subgroup (mean = ‐0.10). It is of interest that each of these two subgroups would be considered at‐
risk due to their economic and ethnic minority backgrounds. Although these two subgroups also
scored lower on the change score measure than the other demographic subgroups, they did not
significantly differ from the other subgroups to the extent the low‐income, White, treatment
subgroup did. For all three of these subgroups, the classification shared in common is their low
economic status. Table 4.2 shows the means for the subgroups being compared.
In Table 4.3 are listed the specific pairwise comparisons of statistical difference.
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Table 4.3
Specific Pairwise Comparisons of Statistical Difference Between Demographic Subgroups for Credit
Acquisition

n

Mean

Compared to:

n

Mean

Mean
difference

p

Control: White, high income

29

‐.03

Treatment: White, low income

26

‐.27

.23

.08

Control: White, low income

29

.03

Treatment: White, low income

26

‐.27

.30

.09

Control: Minority, high income

5

.00

Treatment: White, low income

26

‐.27

.27

.04

Treatment: White, high income

30

.00

Treatment: White, low income

26

‐.27

.27

.05

5

.01

Treatment: White, low income

27

‐.27

.26

.04

Subgroup

Treatment: Minority, high income

Note. Subgroup means can be found in Table 4.2.

Summary of the Findings for the Measures Used
to Compare the Acquisition of Academic or
Graduation Credit (Pass/Fail Rates)
In regard to the laptop’s overall effect (main effect) on students passing their science class,
the main effects comparison between the control and treatment populations showed no significant
difference could be identified. This was not the case when comparisons were made between specific
demographic groups of students. With further investigation, notable differences in the reactions of
different demographic groups and subgroups of students to treatment were identified. However, the
differences in reactions of the subgroups were masked by the overall influences of all demographic
subgroups of students when they were combined together in the general comparison of treatment
and control groups. When focusing on the differences between the ethnic groups and their responses
to the treatment, no statistical differences were identified by the GEE analysis or the Cohen’s d effect
size comparisons for the larger group comparisons in this measure (Table E.1 in Appendix E).
For the economic groups compared, there were statistical differences in the larger group
comparisons (Table 4.1 and E.2). The first difference was found even prior to considerations for
treatment and control groups being made in the effects comparisons between the high‐ and low‐
income student groups where p = .09. In this general comparison, change scores indicated the low‐
income students performed worse in the second semester of the school year than did the high‐
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income students. The data from the economic treatment groups, however, had been combined with
the data from the economic control groups in order to obtain the general group means for
comparison. In reality, the low‐income treatment groups lowered the overall mean for the low‐
income students enough so the group mean became noticeably different from the combined
(treatment and control) mean for the high‐income group with alpha set at .10.
Pairwise comparisons and Table 4.2 revealed the low‐income, White, population of students
responded more negatively to the laptop introduction than did all other demographic subgroups of
students. This group, above all others, was responsible for the difference found in the general
comparison between the high‐ and low‐income groups.
Statistical difference was also found in change score means between the low‐ and high‐
income treatment groups where p = .02 and d = 0.48. The low‐income group appeared to react
negatively to treatment and the high‐income group did not react differently after laptops were
introduced. The low‐income, White, treatment group influenced the low‐income treatment group
mean and the resulting p became lower than if this group mean had not been combined with the
minority, low‐income, treatment population.
To summarize the findings for this measure, there were no findings indicating 1:1
implementation, initially, had a positive effect on students passing their science class. The main effect
treatment and control group comparisons indicated, for most groups, the many direct and indirect
influences of 1:1 introduction appeared to have no noticeable effect on this measure of student
outcome. The data also indicated that low‐income students comparatively passed science less
frequently after laptop introduction than other groups and especially the White low‐income group.
Treatment did not appear to reverse conditions of low achievement found in the low‐income or
minority student populations (USOE, 2010). If anything, it appears that laptop introduction may have
made circumstances slightly more challenging for the White low‐income students when compared to
other student groups. Statistics indicate there was a different response to treatment between the low
and high‐economic groups where high‐income groups experienced less negative change than the
low‐income groups with 1:1 implementation.
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As can be identified in Table 4.1 and Table G.1, there were no significant differences
identified between the groups separated by the number of assigned laptop computer classes for the
measure of academic credit acquisition.
Findings for Measures Used to Compare Student Grades or GPA
In this section, all comparisons of interest related to the measure of science term grades or
GPA (only averaging science term grades) are represented. First, the pairwise comparisons of
statistical difference are listed in Table 4.4 and discussed. Second, all findings of interest for all
comparisons made for this measure are summarized in the labeled subsection.
Subgroup Pairwise Comparisons of Interest
for the Measure of GPA
In this measure there were found to be four specific pairwise subgroup comparisons with
statistical differences out of the different pairwise comparisons made during GEE analysis. Three of
the four include comparison with the same low‐income White group of students identified in the
previous measure. Again, it was this subgroup of students who performed worse for this measure
with treatment than did any other subgroups. Table 4.2 shows the means compared for these groups.
Table 4.4 shows these comparisons of statistical difference.
To summarize the important statistical findings for the pairwise subgroup comparisons,
three subgroups stood out as having different group means than other groups. These three
subgroups also had the most influence on the more general mean comparisons than did the other
Table 4.4
Specific Pairwise Comparisons of Statistical Difference between Demographic Subgroups for GPA

n

Mean

Compared to:

n

Mean

Mean
difference

p

29

.32

Treatment: White, low income

26

‐.40

.72

.01

Treatment: Minority, high income

5

.13

Treatment: White, low income

26

‐.40

.54

.01

Treatment: Minority, low income

20

.10

Treatment: White, low income

26

‐.40

.50

.05

Control: White, low income

29

.32

Treatment: White, high income

30

‐.07

.38

.09

Subgroup
Control: White, high income
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groups. The first of these groups of interest was the treatment, White, and low‐income students who
had a lower academic performance in the second semester (mean change score = ‐0.40) than did all
other groups of students. The mean of ‐0.40 points difference in GPA represents that the average low‐
income White student declined academically in the second semester by more than a half of a grade
(“+” or “‐“ = change of 0.33). Again, for this measure of class grades, three of the four statistically
different pairwise comparisons include the control, White, low‐income subgroup. That means eight
of the nine statistically different pairwise comparisons so far mentioned in both the measure of
credit obtained and also GPAs have included this subgroup.
The second group was the control, White, low‐income group of students where the students
had a better second semester than they did in the first. This was academically the most improved
subgroup in the second semester (mean change score of 0.32). On average, the participants of this
group improved by a half of a grade during the second semester. This group differed in pairwise
comparison from the treatment, White, high‐income subgroup, and the treatment, White, low‐income
subgroup. The difference in responses by White, low‐income groups to the treatment and control
settings, as demonstrated by the previously mentioned comparison, was of interest. The treatment,
White, and high‐income population performed very comparably to its demographic control group
match, but the treatment, White, low‐income subgroup did not.
Third, the treatment groups for the minority students performed slightly better in the
second semester on this measure and their control groups generally did not. The high‐income
minority treatment group and the low‐income minority treatment group both showed improvement
during the second semester after laptop introduction. Although neither of these groups differed
significantly from their control group counterparts, they did differ from the White treatment
subgroups that showed negative results in the second semester of the school year. The White
treatment subgroups performed worse in the second semester while the minority treatment
subgroups improved after 1:1 implementation. The trends in these two ethnic groups for treatment
were in contrast to one another.
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Summary of the Findings for the Measures
Used to Compare GPA
In Table 4.1, a statistically interesting difference was identified in two different GEE
comparisons. A statistical difference was found between the control White group and the treatment
White group of students where p = .03 and the effect size registered a magnitude of 0.42. As seen in
Table E.3, the control group showed slight improvement in the second semester and the treatment
group showed a decrease in achievement, and this difference was identified to be of interest
statistically. Upon review of the subgroup means in Table 4.2 and the pairwise subgroup
comparisons in Table 4.4, it can be determined the control, low‐income, White students performed
better in the second semester by a half of a grade while the treatment, low‐income, White students
performed a half of a grade worse. This is where most of the mean difference between the White
treatment and control groups as indicated in Table 4.1 (p = .03 and d = 0.42) came from.
For the minority students, however, the opposite trend was occurring although the
differences between the control and treatment minority groups were not found to be significant
when compared with one another (p = .35). In the minority population, the treatment group
improved slightly on term grades and this group out‐performed the control group creating a pattern
in the findings that was opposite to what was seen with the White students. Although the direct
comparison between treatment and control groups for the minority students was not significant, this
trend did have an impact on the comparison between the treatment White students and the
treatment minority students where the difference between the two was measured as p = .02 and d =
0.45. Just as in the previous measure of credit acquisition, there was a statistical difference between
the change score means for two treatment groups of different demographic make‐up.
There was also a difference between the findings for the GPA analysis and the findings for
the credit acquisition analysis (previous measure). The demographic groups indicating differences of
statistical interest switched from economic status in the credit comparison to ethnic status in the
term grade comparison. When the data for both measures was investigated at the level of pairwise
comparison, the same subgroups (i.e., treatment, White, low‐income group) were largely responsible
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for the statistical differences in both measures.
It would be unwise and probably incorrect to state economic and ethnic status acted
independently on both measures. It appears the two variables tend to interact and the interaction
was manifested in the statistical differences in the subgroup pairwise comparisons for the last two
measures. The means and comparisons indicate that treatment may have moderated a negative effect
on the White, low‐income students. This statement is based on the disproportionately negative
change in both academic outcomes after treatment occurred for this subgroup. Also, treatment
appeared to moderate a slightly positive effect for the low‐income minority students on the measure
of GPA. This contrast in outcomes between the White and minority low‐income groups to treatment
indicates some interaction between these independent variables (ethnic and economic) in the
presence of treatment.
In addition to the findings about demographic student group reactions to the laptop
introduction, the comparisons between the computer usage groups also provided valuable clues to
the different student reactions to the treatment. In the comparison between the treatment students
that had only one laptop computer class (their science class) and the treatment students that had an
additional laptop class (outside of their science class), the treatment students with an additional
laptop class achieved, on average, a half of a letter grade or 0.33 grade points better than did the 1:1
science students without another laptop class in their schedule. Even though the obtained p value did
not meet standards of statistical difference in the test of mean difference, the effect size measured
was 0.4 magnitude of difference. This trend in the data optimistically suggests that with more
practice and exposure to the laptop, students could perform better academically in 1:1 classes and
this will be discussed in the next chapter.
In summary for this measure, the main effects comparisons revealed there were generally no
findings indicating 1:1 implementation had a positive effect on all students and laptop students
received better science grades. Treatment did not appear to significantly reverse conditions of lower
achievement found in the low‐income or minority student populations (USOE, 2010) based on the
finding that no group measured significant improvement after treatment. Implementation also
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appeared to more negatively influence term grades for the White, low‐income group of students than
any other group. Statistics indicate there was a different response to treatment between the White
and minority groups of students where the minority groups showed improvement. There was also
indication of interaction between economic and ethnic status on the dependent variable with
treatment.
Findings for Measures Used to Compare Student Attendance
As was identified in the bar graph comparing the actual demographic group means for
attendance, Figure 4.3b indicates there was not much variation in the means from one demographic
group to the next. Slightly over one day of absence separated the best attending group from the
lowest attending group. Investigation of the subgroup means revealed the worst attending change
score mean to be from the treatment, minority, high‐income students that averaged 3.40 days more
absence in the second semester. The best attending subgroup was the treatment, White, low‐income
students that missed 0.85 more days of school in the second semester than the first. Even at the
subgroup extremes, the difference in subgroup means was just 1.55 school days. The other subgroup
means and pairwise comparisons revealed that variation appeared to be random and unrelated to
the laptop implementation for this measure. Although a statistical difference was identified for one
comparison as can be seen in Table 4.1, the mean differences are of no practical importance.
It was interesting to find that for the measure of attendance, the low performing control,
White, low‐income subgroup actually showed improvement. This is somewhat surprising because
this same subgroup has generally been the lowest academic performing subgroup for the previous
two measures. In the prior comparisons of academic measures, the control, White, and low‐income
group appeared to respond negatively after treatment began and its comparative control group
performed better. For attendance, however, the treatment subgroup performed better than the
control subgroup. This means the treatment group for this demographic came to school more after
laptop implementation occurred, but their change scores show they performed worse on each of the
previous two measures of academic performance.
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To summarize, it was extremely difficult to identify any significant or consistent trend in this
data set that could be attributed to the introduction of the laptop. It appeared many other factors
more significantly influenced attendance or could be used to predict student absenteeism than would
the introduction of laptop computers. The significant influence of laptops on demographic
subpopulations appeared to be mostly nonexistent. This is not to say the lack of correlation between
laptop introduction and student absenteeism is not an important finding. In this 1:1 implementation,
the data indicates that laptop implementation did not appear to have much influence on student
attendance and this is an important finding.
The comparison of groups divided by the number of laptop classes scheduled did not reveal
any statistical differences of interest or practical importance for this measure.
Findings for Measures Used to Compare Rates of Negative
Discipline Occurrence
As was identified in Figure 4.1, the mean differences between demographic groups for the
measure of negative discipline referral were of no practical importance. The highest change score
value for any group mean was 0.09 and this is a fraction of one whole discipline referral. Although
Table 4.1 indicates there were three comparisons of statistical difference for this measure, two of
which were comparisons of groups divided by the number of laptop classes in student schedules,
practical application of the mean differences between groups established the differences measured
were not of practical importance.
Also, in the pairwise comparisons of the demographic subgroups there were not any
comparisons that were of statistical difference. This was the only outcome measure where this was
to be the case.
This is not to say that a change in behavior did not occur with 1:1 implementation. The
teachers in the study would report otherwise and this will be discussed in the next chapter. The
measure used to quantify the changes in student behavior did not measure a practical difference
from one group to the next. This means that student misbehavior after 1:1 implementation, if it did
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occur, did not rise to the level of students being referred to the school administration. These findings
suggest laptop implementation did not influence a change in incidents of student misbehavior
requiring the student to be referred to the school administration and this finding is of importance.
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CHAPTER 5
DISCUSSION OF FINDINGS
Introduction
To summarize the results of this research on the different initial reactions of demographic
groups to 1:1 implementation, this final chapter has been organized as follows.


The primary research question will be answered through interpretation of the findings
of the study.



The additional research questions for each measure (credit acquisition, term grades,
attendance, and discipline) will be answered through interpretation of the findings.



The findings for each of these measures will be couched within the current literature
that relates specifically to the measure.



A general application of the results of this study will be made by extending the results to
the broader 1:1 discussion.



Applications and suggestions for secondary school administrators will be based on the
findings and insights gained from the study in relation to the applicable literature.



Suggestions for future research and additional research questions will be proposed
based on application of the findings.
Review of the Research Question and Context of the Study

In making inference about the data that has been collected and analyzed, it is important to
review the original research question: In a public junior high school’s science classes, what were the
initial differences in student outcomes that occurred between demographic populations of students
when laptops were introduced in a 1:1 laptop implementation?
Answering this broad question prompted the asking of three additional and more specific
questions which were directly related to student outcomes that are frequently used to measure
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school and student success (School Land Trust, 2012; USDE, 2001; USOE, 2010). The three
subquestions were related to five measures of student outcomes researched in this exploratory
investigation. Through exploration of the data, it was determined that the data available for post hoc
analysis that would be used to answer the second follow‐up question or was influenced by too many
extrinsic variables to produce trusted measures of mean difference. Therefore, the findings for this
measure were not reported and will not be discussed in this section. The original secondary
questions, however, were:
a.

How did student grades and credit acquisition vary across differing demographic groups
with 1:1 implementation in science classes?

b.

How did student scores on common assessments vary between demographic groups
when students engage in a 1:1 curriculum in science classes?

c.

What was the difference in attendance and student discipline occurrence related to
behaviors associated with feelings of efficacy and motivation between demographic
subgroups after 1:1 implementation?

It is important to remember the intent of this research was to explore and identify
important trends that may or may not have occurred in the studied population relating to 1:1
implementation. Any conclusions drawn about this study are not to be considered methodologically
conclusive and they are intended for use in promoting further discussion and eventual empirical
scientific research (Gall et al., 2003).
These statements will be made against a backdrop of related current literature so
educational administrators can make good decisions, applications, and plans for future digital 1:1
conversions that will effectively and equitably support at‐risk students and their communities.
Although the subquestions will eventually be answered in succession, it is important to first
relate the findings of this data to the main research question and to state what was learned about the
question through this research. An essential perspective will be established for all other discussions
that are to follow. Thus, the organization for Chapter 5: Conclusions and Discussion are organized
from the more generalized findings to those statements more specific to each measure.
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Answering the Primary Research Question
A discussion of the primary research question begins by asking: Were there measured
differences between demographic populations of students on measures of student outcomes after the
laptops were introduced? In reality, this is a complex question that requires multiple answers.
1. A first answer to this question is “no.” For all outcome measures, there were no main
effects differences between treatment and control groups. There was no general difference identified
between laptop and nonlaptop groups for any of the measures even though statistical differences
were identified in demographic group or subgroup comparisons within all measures. For most
demographic groups compared, there appeared to be no measureable or practical changes in
outcome when treatment groups were compared with control groups.
2. The second answer to this question is “yes.” It appeared that some measureable
differences in reaction did occur with implementation as indicated by some of the specific
demographic group comparisons with one another and across treatment and control groups. This
was especially the case for the more at‐risk demographic groups for the academic outcome measures
(credit acquisition and term grades [GPA]).
Statistical analyses and effect size measures demonstrated that in all academic measures,
there was at least one demographic group who reacted differently to treatment than did the
demographic treatment group it was compared with. For the measure of credit acquisition, the
economic treatment groups (high and low‐income groups) differed statistically. For the measure of
GPA it was the ethnic treatment groups that differed statistically.
In addition to the statistical difference identified in the comparisons between treatment
groups, at least one other statistical difference was identified in the larger group mean comparisons
for each of the academic measures. These general mean differences were better explained by the
different reactions of the different demographic subgroups as identified by subgroup means in Table
4.2. It was also found that there appeared to be an interaction between ethnic and economic status of
the students and this made it difficult to determine which of the two demographic variables (income
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or ethnic status) had the most influence on the measured outcomes.
It can generally be said there was no improvement on academic measures with treatment,
although for GPA the minority groups improved slightly, but not significantly with treatment. The
statistical differences of interest found appeared to occur more because subgroups of students
performed somewhat worse after implementation (low‐income, White students) rather than any
group performing significantly better even though the minority students measured slight
improvement. For example, the treatment, White, low‐income students generally performed worse
relative to all other groups after implementation on both academic measures. The minority
treatment groups were the exception to this as they slightly improved with laptop use for the
measure of GPA but this was in contrast to the low‐achieving White treatment group of students.
3.

A third answer to the original question is “no.” Change did not appear to occur with 1:1

implementation for the behavioral outcomes (attendance and discipline) measured.
For the behavioral outcome measures of discipline referral and attendance, the mean bar
graph comparisons (Figures 4.1‐4.5) indicated the differences found between the demographic
populations did not appear to be of practical importance and the indications of statistical difference
from GEE analysis and effect size measures were to be interpreted cautiously. Taking all three
methods of analysis (mean comparison, GEE analysis, and effect size measures) into account, there
appeared to be no connection between the laptop implementation and either the measurement of
school attendance or incidents of misbehavior requiring administrative discipline. For these
measures of behavioral student outcomes there appeared to be no consistent trends in student
reactions which could be attributed to 1:1 implementation.
Answering the Secondary Research Questions
Measure of Credit Acquisition
There were two important findings for credit acquisition encouraging additional discussion.
First, it was found the treatment low‐income group (change score subgroup mean = ‐0.18) failed
science more frequently in the second semester than they did in the first semester. This was different
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than the high‐income treatment group (change score subgroup mean = 0) that experienced nearly
identical pass and fail rates in both semesters. The high‐income group performed the same after
laptop introduction while the low‐income group performed worse.
Additional insight about this difference was gained by examining the pairwise comparisons
and the subgroup means in Table 4.2 where it became more clear that it was the low‐income, White
treatment subgroup (subgroup change score mean = ‐0.27) of students that failed class more
frequently in the second semester of school than did any and all other groups including its control
group. This was the second important finding and will further be explained.
The low‐income, White control group (change score subgroup mean = 0.03) was the only
demographic subgroup to achieve more credit (although slight) in the second semester than was
acquired in the first. Thus, the low‐income, White control group acquired more credit in the second
semester than did all other groups while the low‐income, White treatment group acquired less credit
than did all other groups. Therefore, it was this low‐income, White demographic subgroup (both
control and treatment) that most influenced the statistical difference in the finding for this measure.
Even though Table 4.1 showed the mean difference only occurred between the economic groups,
subgroup mean totals in Table 4.2 and pairwise comparisons of statistical difference in Table 4.3
showed there appeared to be an ethnic interaction influencing the differences identified in the
economic group comparisons.
The low‐income, minority student group (subgroup change score mean = ‐0.11) also passed
less frequently in the second semester, however, not to the extent the low‐income, White treatment
group failed. The low‐income, minority treatment group performed very similar to its control group
counterpart (change score mean for the minority low‐income control group = ‐0.10) while the low‐
income, White treatment group (change score mean = ‐0.27) performed differently than its control
group counterpart (change score mean = 0.03) and lower than any and all other demographic
subgroups.
It is important to emphasize this low‐income, White treatment group is the same
demographic subgroup that was specifically singled out in the findings section for the measure of
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attendance as the group that attended class more frequently in the second semester than they did in
the first. This is also a group that did not significantly record more disciplinary incidents in the
second semester than did any other group, even though none of the groups recorded more
disciplinary incidents. Thus, this group’s poor academic performance in the second semester (failing
more classes) did not result from serious student misbehavior or nonattendance.
Most demographic groups identified in this study showed very little difference between their
treatment and control group comparison. For the low‐income White students there was contrast
between the treatment and control groups and this suggests a larger difference in response to 1:1
implementation for this group than was seen in other groups. This also suggests the 1:1
implementation appeared to increase challenges for a student group that was already at‐risk of
failure (USOE, 2010).
Based on these findings, it was speculated that one of two things may have happened to this
particular subgroup of students if the difference in means can be attributed to the laptop
introduction. First, these students may have been less familiar with the laptop and experienced
difficulty interacting with the teacher through it, or second, this student group became more
distracted by the presence of the laptop and used it for nonacademic purposes. This will be further
discussed in later sections.
Measure of Term Science Grades (GPA)
For term grades, the statistical difference identified in the demographic group comparisons
shifted from the economic differences seen in the measure of credit acquisition to statistical
difference between the ethnic groups as identified in Table 4.1. The White treatment group
performed worse after 1:1 implementation and the minority treatment group performed slightly
better (mean difference = 0.36, p = .02, and d = 0.45). This was the reason for the statistical difference
identified and it indicated a different response to treatment by different demographic groups being
compared.
Additional clarity about these ethnic treatment group comparisons was obtained in viewing
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the subgroup means in Table 4.2 where it was found the same low‐income, White, treatment group
was again the group that was most different from the others and had a change score mean of ‐0.40.
This group, more than other treatment subgroups, who did not change as much after 1:1
introduction, influenced the difference identified in the comparison of the ethnic treatment groups.
Another group was also different from other groups and this was the low‐income, White
control group who performed better during the second semester of school. These two groups
influenced the difference found between the White treatment and control comparisons where mean
difference = 0.38, p = .03, and d = ‐0.45.
When these two White low‐income subgroups were combined into the larger White
treatment and control group for mean comparison, the larger group comparison for White treatment
and control groups became significantly different from one another. Thus, an important finding for
this measure was that the ethnic groups did not appear to differ from one another in isolation of the
student’s economic status. Economic and ethnic status appeared to interact with one another as
identified in Tables 4.2 and 4.4. The data indicates that treatment moderated a negative effect on the
White low‐income students that was disproportional or in contrast to the other demographic groups’
response to treatment.
Important difference was also identified in the comparisons of the different groups defined
by the number of laptop classes in the student’s class schedule. As indicated by Table 4.1 and Table
G.2: Grade Point Average Comparison by Number of Assigned Laptop Classes (found in Appendix G),
there were no important differences between groups separated by the number of laptop classes the
students were registered in, except for the magnitude of difference measured by effect size between
the science laptop students who did not have other laptop classes (English, math, or history) and
those laptop science students who did have another scheduled laptop class. The treatment students
with one or more other laptop classes performed on average an entire half a grade (0.34 grade
points) better than did the treatment group students with no other laptop classes in their schedule.
This suggests that potentially negative effects of 1:1 implementation experienced by the
participants who may have been inexperienced with computers could be countered through
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increased exposure to, and practice with the laptop in the school setting. Perhaps the negative
response by the low‐income White group of students occurred because of their lack of exposure to
this or similar tools. This circumstance could be remedied by increased exposure to laptop
computers in the school setting. This will further be discussed.
Measure of Attendance
For student attendance (absenteeism), there were two important determinations drawn
from the data set about the different responses of different demographic groups to 1:1 introduction.
The strongest was that there appeared to be little or no relationship between the introduction of the
laptop and differences between demographic groups for the measure of student attendance.
Although the high‐income economic group showed a statistically significant difference between its
treatment and control groups with the control group attending more frequently in the second
semester, the effect size measure (Table E.6 in Appendix E) was found to be only 0.12 which was
considered a very small magnitude of difference. In addition, the bar graph comparisons between
group means for attendance (Figure 4.3a and 4.3b) appeared to be of no practical difference.
It appeared variables separate from the laptop introduction were having a stronger
influence on student attendance than 1:1 introduction. This is a helpful finding because it suggests
any differences identified in academic comparisons are more likely to be attributed to changes
occurring in the classroom between the teacher, the laptop, and the student rather than the academic
difference being attributed to a change in attendance.
Low‐income, White students attended school as much or slightly more frequently after they
were given a laptop. For both academic measures of student outcomes (credit acquisition and GPA),
the low‐income, White, treatment subgroup was the lowest performing subgroup. This means that
although this subgroup performed worse academically with the laptop, these students attended
school slightly more frequently after the laptops were introduced than they did before.
Thus, an important question develops from this finding that will eventually be present in
other discussions for other measures which is, if these low‐income students came to school slightly
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more often after the laptop was provided to them and their academic achievement generally declined
after receiving the laptop, then what was the nature of their relationship with the laptop?
Measure of Student Discipline
There appeared to be no measurable difference in response to 1:1 introduction by the
demographic groups and patterns in student misbehavior requiring administrative referral. There
was not a sizeable enough impact on student misbehavior that could be identified between the
demographic groups of students in regards to referral outside the classroom for discipline. Although
statistical difference was identified by GEE comparison between some demographic groups (Table E‐
5 in Appendix E), the actual magnitude of differences between these groups as determined by effect
size comparisons was relatively negligible.
Differences in student misbehavior that required administrative intervention were likely
attributable to variables outside the scope of this study. This is a helpful finding in relation to the
other measures because it means students did not miss class due to misbehavior with the laptop and
this strengthens findings for the other measures of student outcomes. Thus, findings for the academic
measures studied in this research are more likely to result from experience with the laptop in class
and not time out of class due to serious misbehavior that increased after the laptop was introduced.
This is not to say student behavior did not change with laptop introduction and this will be
discussed further in relationship to the literature specific to this measure. All teachers participating
in this pilot (12 total) indicated a change in their classroom management practices in their 1:1
classes. Many said management was more difficult and all said it was “different” than in nonlaptop
classes (B. Hunt, personal communication in April 2011).
A Comparison of the Outcome Measures of this 1:1 Laptop
Study to the Related Scientific Literature
Measure of Credit Acquisition
In the measure of credit acquisition, the low‐income treatment groups performed lower
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after 1:1 implementation than did the high‐income treatment groups as can be seen in Table 4.2. This
was especially the case for the low‐income, White, treatment group.
Assuming that this finding can be attributed to the influence of the laptop implementation,
why did the low‐income treatment groups and especially the White low‐income treatment group, fail
science more often after 1:1 implementation? Was it because they are less skilled with the laptop
(van Dijk, 2005) or less fluent (Hirsch, 1988) with the digital form of communication (Warschauer,
2006a), or is it because the internet capable laptop was more distracting to them (Malamud & Pop‐
Eleches, 2010) than other resources?
There is substantial discussion in the literature that indicates low‐income students do
behave differently with instructional resources (Celano & Neuman, 2008; van Dijk, 2005; Malamud &
Pop‐Eleches, 2010; Warschauer, 2006a). Researchers Donna Celano and Susan Neuman (2008, 2010)
found this to be the case with students and how they chose to use computers and other media in
public libraries. They used this data to speculate about 1:1 projects and how low‐income students
might choose to use laptops differently in a 1:1 setting. Based on findings of their study Celano and
Neuman (2008, 2010) hypothesized the low‐income student would engage technology with less
academic purpose.
Author Jan van Dijk (2005) also stated in his book, The Deepening Divide: Inequality in the
Information Society, that the digital divide will deepen rather than widen without additional formal
and informal instruction and support to at‐risk demographic groups of students. He believes this is
due to the many behavioral and social differences occurring in the communities of varying SES such
as the family’s purpose for obtaining technology, the availability and scrutiny of parent supervision,
and the way those closest to the child use technical resources.
Another applicable study concerning 1:1’s potential effect on low‐income students is the
work done by Malamud and Pop‐Eleches (2010). This team studied the Romanian Ministry of
Education’s voucher program which provided home computers to low‐income families.
Students from low‐income families who were provided with home computers achieved
greater digital literacy and cognitive ability, however, the student’s academic performance at school
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deteriorated. It was concluded that by providing students with computers, the students used the
computer for nonacademic purposes and the free computer failed to help them perform better at
school. Thus, the computer became a distraction to school success rather than a support or tool used
to achieve it (Malamud & Pop‐Eleches, 2010).
Supporting the idea that the internet can be academically distracting in regards to measures
of academic success is the conclusion drawn by a team from Duke University. Vigdor and Ladd
(2010) compared the academic achievement of students from low‐income neighborhoods in North
Carolina before and after their neighborhoods received access to the internet. It was found that the
academic performance of students from these neighborhoods decreased after the internet was made
available in their neighborhood. Again, it was not suggested the internet was making students less
smart, but it was believed the time children were spending on the internet was taking away from
time they usually spent doing their homework. It is believed by this researcher that this could,
possibly, happen in the classroom setting too. Thus, in the scientific literature about the low‐income
student’s response to technology, there is a trend that suggests that the low‐income students will
pursue nonacademic pursuits rather than using the laptops for to improve academic measures used
by the school (Celano & Neuman, 2008; Malamud & Pop‐Eleches, 2010; Vigdor & Ladd 2010).
Although a possible explanation for the poor performance of the low‐income White student
is that the students were academically distracted by the computer (Celano & Neuman, 2008;
Malamud & Pop‐Eleches, 2010; Vigdor & Ladd, 2010), it is not the only possible reason for their low
performance after laptop introduction. Perhaps, the tool was new to students and because they were
less familiar with it than the higher income groups, they performed worse, academically, when trying
to use it. Thus, it wasn’t a distraction, but there was a learning curve that prevented them from using
it as successfully when it was introduced and this delayed achievement (van Dijk, 2005).
The literature also supports that some demographic groups will perform better academically
with technology’s help because they are more fluent and practiced with the medium (van Dijk, 2005;
Warschauer, 2006a). In this local study it is believed to be equally likely that the low‐income White
students performed worse after laptop implementation because they were learning to use the device
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in addition to learning the science curriculum and data supporting this statement will be discussed in
the next section.
None of the cited literature and none of these explanations that have been proposed provide
a reason why the low‐income minority treatment and control students performed comparably with
the laptop (Table 4.2) on this measure. This response is in contrast to the reactions by the low‐
income, White groups where control and treatment groups differed more profoundly. The difference
in demographic group response is interesting and suggests future study.
Measure of Science Term Grades (GPA)
First, in light of the previous paragraphs, it is important to discuss the finding which
occurred from comparisons of groups defined by the number of 1:1 laptop classes scheduled in their
school day. Students that spent more time in other laptop classes were more likely to receive better
grades in their laptop science class as identified by a mean difference of 0.34 and an effect size
measured at 0.4 as identified in Table 4.1 and G.2 in Appendix G.
This finding is supported by the research conducted on the Texas Technology Immersion
Pilot (TCER, 2009). Their study researched the demographic groups using an experimental design
similar to this study. The TCER group found that on measures of technological fluency, the laptop
groups of low‐income status measured the same as students of privileged backgrounds from their
control group schools and this was in contrast to the lower fluency scores achieved by the control
low‐income group. Students spending more time using technology in 1:1 schools led to an increase in
skill development and fluency with the digital devices and the internet when compared to control
group schools.
The TCER finding is mirrored in most findings of studies reviewed concerning laptop
immersion programs. In most studies, 1:1 students increased in measures of technological use and
fluency after 1:1 immersion (Abell Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006). The
TCER group, however, shows that students of different economic groups can measure comparably
when the traditionally lower measuring students (low‐income students) have increased exposure
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and practice with the technical device through 1:1 implementation (TCER, 2009).
Although it is a stretch to say what happened in Texas is the same thing that happened to
science students with an additional pilot laptop class in Utah, the trends are somewhat similar and
this was deserving of further attention and discussion. Students who spent more time in 1:1 classes
appeared to have an advantage on term grades in a 1:1 classroom to the 1:1 students with no
additional 1:1 class in their schedule.
The second finding requiring discussion was term grades showed statistical differences
between ethnic treatment groups as seen in Table 4.1. Pairwise comparisons, and mean comparisons
as indicated by Table 4.2, showed there also appeared to be economic influence on the differences
measured in term grades between ethnic groups. It was the White low‐income group that had the
most influence on the difference identified. What is important to acknowledge with this finding of
difference in the different responses by the low‐income, White treatment group and the low and
high‐income minority treatment groups, is the ethnic and economic backgrounds collectively
appeared to influence different responses to laptop introduction.
Warschauer’s (2000, 2006a, 2006b) work and theory is of interest in regards to the trends
identified in this measure. In his book, Laptops in Literacy: Learning in the Wireless Classroom
(2006a), and in his earlier writing, he theorizes and states the introduction of technology tends to
magnify the effects of social conditions (2000).
Warschauer (2006a, 2006b) explained that in his experience in studying 1:1 schools, the SES
of the school community is a large determinant for the success of the 1:1 implementation. He says
those things a school does well will get better with the addition of technology and those things a
school or community does poorly are also influenced negatively by the presence of laptops 1:1. Thus,
he noticed that low‐income school communities tend to have a more difficult time with 1:1
implementation than do schools from high‐income communities.
There was evidence of Warschauer’s (2000) theory in the trends occurring in this study. The
high‐income students did not perform as differently after 1:1 implementation and the low‐income
groups appeared to have a stronger response to 1:1 implementation as seen in Table 4.2 and when
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considering most minority students were of low‐income status. Thus, economic status could have
amplified differences in student outcomes that were also seen in ethnic comparisons resulting from
the introduction of technology for this and other measures. This finding is of interest for further
study.
Measure of Student Attendance
The finding that student attendance was not related to 1:1 implementation is supported by
the larger body of research synthesis for 1:1 implementation which also found laptop introduction
generally does not positively or negatively influence student attendance, although a few studies may
have indicated otherwise (Abell Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006). Some
studies showing connections between 1:1 implementation and attendance were completed earlier in
the Maine Learning Initiative (Lemke & Martin, 2003) and also in a study on the Texas 1:1 pilot
(TCER, 2009).
In Maine, class attendance was reported to improve during the first few years after 1:1
implementation occurred (Lemke & Martin, 2003), but in Texas they identified a surprising decrease
in attendance after 1:1 implementation (TCER, 2009). Neither of these findings from these two
studies were found to be supported by the larger body of literature or the majority of studies on the
topic (Abell Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006). In this school’s 1:1 laptop
implementation study, student attendance did not appear to be affected by 1:1 implementation as
identified in Figure 4.3a and 4.3b.
Measure of Student Discipline Referral
There was no noticeable difference between demographic subgroups relating to discipline
referral to the school administration after the 1:1 introduction occurred. The current findings of the
more robust research syntheses for 1:1 implementation show that student discipline is generally
unaffected by laptop introduction, even though some independent studies have indicated discipline
problems have been reduced with 1:1 implementation (Bethel et al., 2007; Intel, 2008b; TCER, 2009).
In the Texas Technology Immersion Pilot (TCER, 2009), and in a study conducted by Intel

115
Inc. in Auburn, Alabama (2008b), student behavior was reported to have improved significantly after
1:1 introduction occurred.
The Abell Foundation (2008) reported in their research synthesis that even though serious
student misbehavior has been reported to go down with 1:1 implementation in a relatively small
number of studies, the teachers in most studies they reviewed reported classroom disruptions and
management issues go up after 1:1 implementation.
While laptop implementation in this pilot study had no discernible negative impact on
student discipline referrals, as was quoted earlier in this paper, one teacher said:
It used to be that I only had to watch what students were doing with their pencils and paper
to know whether or not they were paying attention. It was hard to tell the difference
between the writing of a note to a friend or whether they were taking notes on my lecture.
Now students that daydream can venture off into the virtual world. They can play games,
they can Facebook, and they can even watch movies. Now, when I lecture from the front of
the room and I can’t see their screens, they can do just about what they want – including
writing a note and sending it by email to their girlfriend. (Teacher at the 1:1 school, personal
communication, May 23, 2011)
Although it was determined by methods of analyses student misbehavior did not
significantly rise to the level of students increasingly being removed from class, this study provided
no measures directly relating to the more minor disruptions occurring in the classroom. For example,
all twelve teachers who participated in the Davis School District Laptop Pilot at the host school
stated, when asked, that classroom management became more complex with the introduction of the
internet capable laptop to their classrooms (Hunt, personal communication, July 2011).
Although the school district did provide computer management software allowing teachers
to view and control student computers when needed, it was generally too complicated and hard to
use so it was of little service to teachers. Some teachers did indicate management with the netbook in
the classroom was new to them and the difficulty was not necessarily related to an increased
challenge in management. This opinion was not generally shared amongst the group. All concluded
class management was different than they had anticipated with the introduction of the laptop
although this was not indicated by the measured findings for this study.
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Extending the Findings and Results of this Local Study to the
Larger Theoretical 1:1 Implementation Discussion
As was identified in Chapter 2: Literature Review, there are many theoretical perspectives
from which a 1:1 implementation can be viewed. Some consider 1:1 implementations to be a
revolutionary method of social and instructional reform (AALF, 2012; Negroponte, 1995, 2010;
OLPC, 2010) while others simply see it as a way to eventually save money and resources in public
education (Lunt, personal communication, 2010). Even though it was the intent of this researcher to
identify changes occurring in measured student outcomes, it is helpful and informative to connect
these findings to the larger discussion about 1:1 implementation. For the purposes of this discussion,
perhaps researcher Mark Warschauer (2006a) said it best:
What happens, then, when one of the most disruptive technologies of communication in
history is placed in the hands of every student in a classroom, grade, or school? When the
irresistible force, as it were, meets the immovable object? How do student’s change…when
every student throughout the school day has a mobile personal computer wirelessly
connected to the Internet? (p. ix)
In this study of a local 1:1 implementation, characteristics of both the “immovable object”
(the system of public education) and the “irresistible force” (the electronic connection to the
internet) can be identified in the findings (Warschauer, 2006a).
First of all, there was very little difference found in the outcome measures between the
general treatment and control populations after 1:1 implementation occurred. There also was not
any student group that performed significantly better with a laptop than the group had previously
performed without it. Based on these general findings, if the goal of the school is to immediately
improve the measures of student outcomes used in this study (Penuel & SRI, 2006), equitably and
across all demographic groups of students through 1:1 implementation (AALF, 2012; OLPC, 2010), it
is suggested additional action and intervention (Dufour & Eaker, 1998; Dufour et al., 2010) should
accompany the implementation than occurred at this school. Where no student groups performed
significantly better with the laptop, the influence of the device and the basic adjustments in teacher
and student practices accommodating the 1:1 implementation appeared to be not enough to
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immediately improve the studied outcomes.
Many believe a reason public schools remain resistant to change, despite a myriad of
educational reform movements in the last 100 years (Tyack & Cuban, 1995), is because of the
complexity of the organization and the many different social components it is made up of (Lareau,
1987; Tyack & Cuban, 1995; USDE, 1983). Although many have tried, to date, there have been few
effective one‐size‐fits‐all methods of positive school reform (Tyack & Cuban, 1995). It would appear
this finding also applies to 1:1 implementations in regards to the measures studied. Each of the
individual demographic components making up the system of public schools have traditionally
reacted to reform efforts or to systemic changes in unique and sometimes unpredictable ways
(Lareau, 1987). It would appear that the studied student population was not an exception to this
finding. In recent years, the most effective methods of educational reform for school communities
have been those which have taken time, occurred slowly, and required a tremendous amount of
work, cooperation, and buy‐in from the many stake holders involved (Cuban, 2001; Tyack & Cuban,
1995).
The findings of this study also suggested that some of the roughly defined and divided
demographic student groups used for comparison did appear to initially react differently to the 1:1
implementation for academic measures. For the student groups traditionally inclined to achieve
school success (Coleman et al., 1966; USDE, 1983), the 1:1 transition appeared to result in no
noticeable change in measured student outcomes. For some of the students that traditionally have
struggled (minority and low‐income groups) in the public school setting (Coleman et al., 1966; USDE,
1983), the responses to implementation indicated higher levels of both positive but mostly negative
change on the academic outcome measured than occurred in the traditionally successful (White and
high income) student groups. Although the “immovable object” (Warschauer, 2006a) remained such
on the surface with the general comparison of treatment and control groups, the individual parts or
demographic subgroups appeared to react uniquely to the 1:1 implementation and in ways that could
have been representative of their social circumstances.
For example, the White, low‐income, treatment group performed worse academically after
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1:1 implementation than did all other groups for academic measures (Table 4.2). Although it
remained undetermined as to why this group performed worse, it is speculated these students could
have been both distracted by the “irresistible” (Warschauer, 2006a) nature of the new electronic
devices, or some students were less skilled in its use. Possibly, the “immovable object” (Warschauer,
2006a) remained such because of the change, difference, and complexities associated with the sum
total of the individual parts (demographic subgroups; Tyack & Cuban, 1995). If the laptops
influenced more change within the system for some groups, the “irresistible force” (Warschauer,
2006a) could hypothetically contributed to the stoic nature of the “immoveable object” (2006a) in
the responses of certain demographic groups to 1:1 implementation.
Thus, it is suggested by the findings that the social conditions existing in the school
community where the 1:1 implementation took place, prevented 1:1 implementation, by itself, to be
considered a method of reform that immediately and equitably improved student achievement on
the measures studied (USOE, 2010). Based on these findings, it is the opinion of the researcher that
to introduce the internet capable laptop 1:1 without taking actions addressing the other social and
community conditions largely responsible for the achievement gaps (Hirsch, 1988; Lareau, 1987;
Tyack & Cuban,1995; USDE, 1983), the expectation of immediately improved and equitable outcomes
are doubtful. As with other effective school reform efforts, the capacity of the school community must
be built in support of academic goals (Cuban, 2001; Franklin, 2005) and the introduction of the
laptop could help to do this as explained in the literature review, but the supportive interventions
accompanying 1:1 introduction need to be more comprehensive than occurred in the conditions of
this implementation if the primary goal for implementation is the immediate improvement of the
measured outcomes studied.
This is not to say providing students with an internet capable laptop does not or is not
recommended to accomplish equitable achievement. Clearly, if equity is to be established, all
students must have equal opportunity to access the same information (AALF, 2012; van Dijk, 2005;
OLPC, 2010) and 1:1 implementations appear to help accomplish this goal. However, it was
suggested in this research that if additional instruction and technical support (Dufour & Eaker, 1998)
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is not provided initially to those who may require it, some demographic groups of students may
experience initial challenges with 1:1 implementation as demonstrated by the reaction of the White
low‐income students.
It also should not be said that the best measures of 1:1 success are those measures used in
this study (Warschauer, 2006b). That is not the reason these measures were selected for comparison.
Possibly, the true value of 1:1 implementation may not be associated with the measures commonly
used to evaluate school and student success (Muir et al., 2005; Penuel & SRI, 2006). As was discussed
in the literature review, there are many other important reasons schools should consider 1:1
implementation rather than improving the measures selected for study. In spite of this, it is the
opinion of the researcher that it is needful for the practicing school principal to anticipate what might
be the impact of 1:1 implementation on these important measures of school success in order for
lasting 1:1 implementation to take place. If a school is to provide all of the benefits of 1:1
implementation unassociated with these measures used to determine school success (Muir et al.,
2005), the school leader (or principal) must provide the preparatory and supportive actions that
enable the school to maintain acceptable and equitably measured student outcomes through the
process of 1:1 implementation. Maintaining acceptable measures of student outcomes are needful, in
addition to teaching the school community what the unmeasured benefits of 1:1 implementation may
be (Muir et al., 2005; Warschauer, 2006b). If this does not happen, and measured outcomes decrease
with implementation, the other benefits of 1:1 schooling may never be realized because the program
will never fully develop and another reform movement (if 1:1 implementations are to be considered
such) will rapidly take its place (Cuban, 2001; Franklin, 2005).
In summary of this discussion, making real educational gains and changing a school’s
capacity to improve student outcomes is a complex and difficult task. Effective reforms and structural
changes take time and hard work prior to measured improvements in student achievement being
realized (Tyack & Cuban, 1995). Based on the findings of this study, it is suggested schools engaged in
1:1 implementation need to plan on individualized reactions of students to the 1:1 setting in addition
to understanding that the previously experienced challenges associated with student demographic
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conditions will not simply go away because a student is provided a laptop. In fact, if considerations
are not made for students who may not be technically savvy or have sufficient self‐control, prior to
undergoing 1:1 implementation, it is suggested some demographic populations of students may
become even more at‐risk of failing in the 1:1 setting. If improvement in the measures of student
outcomes studied are to be found with 1:1 implementation, it appears they should be looked for over
time and in small increments while challenges associated with demographic conditions should
continue to be addressed using a variety of methods external to the 1:1 introduction but throughout
and in harmony with 1:1 implementation.
Suggested Applications of the Results for Educational Administrators for
Each of the Outcome Measures
Measure of Credit Acquisition
The findings in the measure of credit acquisition are accompanied by trends in the scientific
literature on this subject. One of two reactions appeared to be evident in this measure of student
outcome after laptop introduction for the students performing worse after implementation.
First, the low‐income, White, treatment students (see Table 4.2) could have been pursuing
non‐academic activities when they used the laptop in their science class. For these students, the
laptop and internet could have become a distraction to them in regards to the curriculum. Possibly, it
was, just as was stated by some sources in the professional literature (Malamud & Pop‐Eleches, 2010;
Vigdor & Ladd, 2010), when students gained access to the distractions of the internet, their academic
performance declined on some measures.
Knowing this, it is important for the administrator to look at methods and management
systems that would limit student distractions in the classroom. Software products are available that
would allow the teacher to see and control where students can and do navigate on the internet in
their classes. These products need to be easy to use and cannot require excessive training and
expertise on the part of the teacher. In addition, teachers reported needing more training on how to
manage 1:1 classrooms. Effective network filtering, classroom management, and effective monitoring
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could help the easily distracted student to perform better.
Second, a possibility for the discrepancy in performance by the two economic groups could
be that the low‐income students were not as familiar with the laptop as the high‐income students.
Because of this, the low‐income, White, treatment students performed worse after laptop
introduction because it was harder for them to communicate mastery of the subject matter through
the electronic medium. This could have been another barrier for the more at‐risk population of low‐
income students. The high‐income students performed the same with (treatment) and without
(control) the laptop because they could have been more fluent with the use of the digital device (van
Dijk, 2005).
A curriculum for, and about, the laptop and digital resources would be helpful for all
students and especially those students not as familiar with digital communication. Just as with math
or reading, all students have unique abilities and needs. Therefore, it is necessary that some systemic
support (Dufour & Eaker, 1998) be in place so students that are less digitally literate (van Dijk, 2005;
Warschauer, 2006a) can receive the additional time and support with the laptop they need (Dufour
et al., 2010). It may also be advisable to provide students with recreational time with the device so
students can explore its social uses in addition to the educational ones. By providing this, students
may be less likely to become distracted during instructional time.
Measure of Science Term Grades (GPA)
Based on the findings of this study where it appeared some demographic groups struggled
academically more than others with laptop implementation, it is imperative instructional leaders find
ways to support (Dufour & Eaker, 1998; Dufour et al., 2010) all students needing help in 1:1
transitions. It appeared that some students engaging in a 1:1 setting, for the first time, did have
diverse needs unique to their individual and social circumstance. It is also important for educational
administrators to consider the different demographic backgrounds of students that may predispose
them to more challenges in the 1:1 setting than other groups. Findings of this study, in addition to
findings across the literature (Abell Foundation, 2008; Bethel et al., 2007; Penuel & SRI, 2006)
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suggest increased use and access to laptops can increase student fluency with the device (TCER,
2009). The better grades received by the treatment group with an additional laptop class does
suggest students will perform better in the 1:1 setting with additional instructional time spent in the
1:1 setting (see Table 4.1).
Possibly, regularly scheduled family technology nights could be an intervention that builds
the capacity of the family and community in a manner that is suggested by Tyack and Cuban (1995;
Cuban, 2001; van Dijk, 2005) to support student achievement in 1:1 implementations. By providing
the family with instructional support, at‐risk families could make better decisions for the use and
application of the technology and support students academically with the laptop rather than allow
less academic use by having a more apathetic response to the technological resource provided by the
school (Celano & Neuman, 2008, 2010; van Dijk, 2005; Malamud & Pop‐Eleches, 2010).
Measure of Attendance
The general application for the school administrator for these findings, especially as they
are set against the larger backdrop of the body of literature, is that class attendance did not appear to
be impacted by 1:1 introduction. This possibly will not be the case when local schools begin to offer
more online classes which will allow online student participation (Negroponte, 1995). This resource
is not currently widely available in the Davis School District. Thus, in preparing a school for a 1:1
conversion, it is suggested that other concerns should be of higher priority than increased rates of
absenteeism resulting from laptop introduction.
Although local studies may have different findings, this finding is based both on the findings
from this case study and from similar determinations drawn in the larger body of scientific literature
on 1:1 implementation (Abell Foundation, 2008; Penuel & SRI, 2006).
Measure of Student Discipline Referral to
School Administration
Prior to laptop introduction taking place in the host school, many were concerned students
would violate rules of safety and access dangerous or pornographic materials through the internet. In
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response, the school district imaged the machines so students were routed back through school
district filters prior to going onto the World Wide Web regardless of where the internet was
accessed. This filtering most likely prevented many students from being referred to the school
administration for violating the acceptable use agreements they signed prior to being allowed to
participate in the pilot. A copy of this document is available in the Appendix B.
Student misuse of the laptop on the internet was minimal during the pilot period of time.
This finding, it is believed, was also probably related to the newness of the experience and students
were less likely to push the boundaries of the experience with the device. Incidents of inappropriate
use of the computer were limited to less than 10 occurrences for all of the 420 pilot participants
during the second semester of school with most of these relating to comments posted via social
media sources (Hunt, personal communication, 2011). For these reasons, it is advisable to consider
systems of filtration regarding student internet access prior to 1:1 implementation.
The general applications for the school administrator for these findings are that student
academic success was not challenged in 1:1 introduction because of a noticeable increase in serious
student misbehavior that could not be controlled with basic school‐wide disciplinary plans. It would
be advisable, however, for school administrators to have management products and strategies
available to help teachers manage student behavior in the classroom when preparing for a 1:1
transition.
As was reported by all twelve 1:1 teachers at the studied school, classroom management was
found to be different in a 1:1 classroom than it was in a traditional classroom. Most of these teachers
reported management was more difficult in the 1:1 setting due to the potential distraction of the
internet capable laptop in the hands of each student.
Suggestions for Future Research
Measure of Credit Acquisition
There are rich opportunities and suggestions for future research in the area of credit
acquisition as it is affected by student 1:1 laptop use. First of all, it would be important to continue to
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study the different reactions of the economic groups to the introduction. What factors caused some
students to perform worse after laptop introduction? Is it due to a lack of familiarity with the
medium? Does it involve poor choices for the use of the laptop?
Secondly, it would be valuable to know why the low‐income, White student reacted
differently to the laptop 1:1 implementation than did the low‐income minority student. What is the
additional challenge presented by language or culture in the 1:1 setting? What is the greater
predictor of student success with the laptop? Is it ethnic or economic status?
Measure of Science Term Grades (GPA
A very important question for future research in the measure of academic grades (GPA)
and one that needs to be specifically examined in follow‐up studies is: Why did the minority
population in this study seem to improve academically with the introduction of a computer in a 1:1
student ratio while White ethnic groups did not experience similar positive trends? Research of
qualitative, quantitative, exploratory, and confirmatory designs could help to determine the
underlying reasons for this result.
Another important consideration for future research could be to determine the influence of
additional time and practice with the laptop. How much of this is needed for students to academically
perform more successfully in a 1:1 setting or are their deep‐seated behavioral, intellectual, and social
influences that manifest themselves negatively in the 1:1 setting?
It will also be important to determine if Mark Warschauer’s (2000) hypothesis is correct
and if 1:1 implementation will amplify social conditions within measures of student outcomes. It
remains undetermined as to how much this philosophy will translate or transfer into the school
environment. Will technology amplify the social conditions (2000) in our schools that have led to the
gaps in student measures of student achievement and make them even larger (Celano & Neuman,
2010; van Dijk, 2005)? This needs further exploration.
Measure of Student Attendance
Based on the findings of this study, it is not suggested that additional study about changes in
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attendance resulting from 1:1 introduction be conducted. It did not appear this measure was
influenced by the introduction of laptops. This measure, quite possibly in other circumstances, might
become more important. At this time, however, it is suggested other outcomes should be researched
first because of their stronger relationships to 1:1 introduction and their resulting impacts on
student learning.
Measure of Student Discipline Referral
to the School Administration
It can be concluded the Measure of Student Discipline Referral used in this study was less
effective at determining or assessing the subtle reactions by the students in regard to the use of the
laptop in class. This measure quantified only the more extreme incidents of problematic behavior.
Measuring and comparing the number of referrals to administration for disciplinary correction was
not a sensitive enough measure to identify any changes in the average student’s attitude or feelings
about school as the result of laptop introduction.
Future research using the same measure (referral to administration for discipline) would
greatly be improved by using a longer term of study so more conclusive trends can be identified in
the population or the study could use a much larger sample size in order for more subtle yet
consistent differences to be identified. Preferably, future experimental designs would include both
longer terms of study and also larger sample sizes.
If sample sizes were to remain the same, other measures could be used that would
accomplish the same purpose while detecting more subtle differences. It is advised that future
research should also use more subtle measures in order to quantify the amount of classroom
distraction 1:1 introduction may inherently bring with it. For example, students could use self‐rating
measures to rate their behavior, teachers could use a daily rating scale for class behavior
comparisons, or periodic surveys could also be used. Even though this measure did not provide as
definitive a data set about 1:1 introduction as the other measures did, these are still important
applications for future research.
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Summary of Important Findings
When considering the research‐based findings in this 1:1 laptop implementation study, it is
important to consider the methodological and intended purpose from which they are made. As has
been stated, the analysis used to make these statements was exploratory and not confirmatory.
Therefore, they need to be considered in that context.
A summary of the findings from the analysis of exploratory data for this 1:1 implementation
pilot program in a Utah junior high school is as follows.
1.

For most demographic groups compared for all student outcome measures studied,
there were no significant differences in student outcomes that could be related to the
1:1 implementation.

2.

Some of the different demographic groups of students appeared to react differently to
the introduction of the laptop in the science classrooms on academic measures. This was
generally the case in the low‐income demographic groups where change score means
indicated more change occurring both positively and negatively with laptop
implementation.

3.

White students of low‐income economic status performed worse when compared to
their control group and other demographic groups after the introduction of the laptop
on academic student outcomes (credit acquisition rates and term grades).

4.

Minority students of low‐income and high‐income economic status performed slightly
better on the measure of GPA after the laptop was introduced than their control groups
performed, but not significantly so. This was in contrast to the White treatment groups.

5.

There did not appear to be any connection between the introduction of the laptop and
different responses by demographic student groups as measured by student attendance
or serious disciplinary infraction. The difference in academic achievement experienced
by the different demographic groups as influenced by laptop introduction did not appear
to result from differences or changes in class attendance or serious misbehavior.
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Certainly, none of these findings suggest students do not need or should not use electronic
devices in a 1:1 ratio or that schools should not engage in 1:1 implementations. It is the belief of the
researcher and the federal government that technical skills are essential for all students to be
proficient in (EETT, 2004). This suggests strategies, curriculum, and supports (Dufour & Eaker, 1998;
Dufour et al., 2010) should be in place during 1:1 implementation that account for the different needs
of students that could relate to their demographic backgrounds or any other circumstance. It was
found students that spent more time in the school day using the laptop in their classes did receive
slightly better grades in their science class that also used the laptop. Thus, increased exposure to the
laptop in the school setting appeared to influence students in the 1:1 science class to perform better
than their peers that used the laptop less in their other classes.
Instructional strategies addressing the unique needs of students need to be in place and
ongoing in order to make a 1:1 transition smooth and effective. As was stated in the Introduction and
the Literature Review, 1:1 initiatives are occurring whether scientific data supports them or not. It is
believed by the researcher that students will need digital fluency to compete in the job market and
also in higher education. Understanding the challenges of this movement as described in the findings
of this study will be helpful to instructional leaders so that equitable, efficient, and effective teaching
and learning can take place throughout 1:1 transformation.
Essential Questions: Summary of Areas for Future Research
In answering the original question, one of the desired products of this process was to
establish a second generation of research questions that could be used to illuminate ideas and inspire
critical thinking about 1:1 implementation’s future in our school system. It is the asking of questions
that begins the process of establishing scientific fact through repeated findings. For this reason, it is
appropriate to end this document with suggested questions that were generated through its creation.
These questions are a summative representation of the work and the learning required to create
them.
Future research should address the following questions while using more longitudinal and
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confirmatory designs. Equitable student access to opportunity is dependent upon the ability of
researchers to effectively ask and answer the right questions. Based on the findings of this study, the
next suggested questions to be answered about 1:1 implementation and the many things this
philosophically represents are as follows.
1.

Are the poorly performing students, as typified by the low‐income White laptop group,

reacting negatively to 1:1 introduction because they are distracted by the presence of technology in
the classroom, or are they less fluent with the laptop as a medium of communication? Logically, the
next question to ask would then be: What are the best ways to provide these students with the help
and support they need to be successful in the 1:1 environment so all students equitably can succeed
in the 1:1 environment?
2.

Assuming there is a difference in how low‐income White students and low‐income

minority students behave with a laptop in a 1:1 setting, what is there in their economic or cultural
backgrounds causing this difference? Additionally, what can be done to better support their
individualized needs so 1:1 transition is an equitable experience for them?
3.

Are societal circumstances amplified by the introduction of technology into the school

setting? If so, will sustained technology use in a 1:1 ratio for students amplify or negate preexisting
societal conditions of inequitable access to opportunity?
The pursuing and answering of these important questions, for the sake of helping students to
become academically successful so they might be enabled to live prosperous and productive lives full
of happiness, accomplishment, and health, is the challenge of future researchers. It is the hope of this
researcher this introductory look at the effects of 1:1 implementation will be a springboard to future
efforts.
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Appendix B
Professional, Student, and Parental Responsibility Documents for
Participation in the 1:1 Laptop Pilot
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Sttudent Rules for Netbook Use ‐ page 2 of 2
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Teacher Development Curriculum Outline and Training Meeting
Schedules and Agendas
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Reproduced and Printed with Permission from the Davis School District

First Teacher Development Meeting Agenda with Teacher Leaders—Meeting Date was August 12,
2010

1:1

Digital Curriculum & One‐to‐One Computing Project

Junior High School Leadership Meeting
8:00 Welcome and School Vision Expectations
Vision
Close the Technology Gap
Better prepare our students to be competitive in world market
Increase technology literacy (staff and students)
Increase learning
Improve communication with all stakeholders
Expectations
Can do attitude
Explore technology tools
Student constructing evidence of learning
Use it
Collaboration

Ryan

8:30 Strategic Planning –Create an Action Plan to Support Expectations

Jodi

1.
2.
3.
4.

Question to be posed‐What we want to do, see, provide, and collect concerning:
Student Use
Evidence of Student Learning
Collaboration among staff members
Professional Development and Implementation
(Each of the large posters will also contain a place to note challenges and concerns)

9:45

Summarize the Questions‐Develop into an Action Plan with Goals and Outcomes

10:30

Group Discussion, Presentation, and Consensus

11:30

12:00

Operations
Ryan
 Flaws
 Policies and Procedures
 Professional Development Plan
Lunch
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Second Teacher Development Meeting Agenda—Meeting was Date August 13, 2010

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Planning Session for Secondary Laptop Implementation Agenda
August 13, 2010
Welcome/Introduction
Overview and Purpose of the Project
Project Sharing: What have learned and created?
Summer USTAR
Earth Systems Digital Resources
Implementation Plan 2010‐11
Overview
Implementation Timeline:
Earth Systems: August
North Davis: October
Operational Procedures: To be covered with the Netbook Training on Monday
Pacing Guides/Digital Resources/Lesson Plans Discussion
Pacing
Resources
Lesson Plans
Professional Development Plan
Frequency
Dates
Topics
Expectations/Responsibilities Discussion
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Third Teacher Development Meeting Agenda—Meeting was Date September 21, 2010

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Digital Writing Project Agenda
September 21, 2010

8:30

Welcome

8:35
Larsen

School Wires

12:00

Lunch

12:30

Google Applications

3:00

Drop Box

3:30

Adjourn

Jodi Lunt
Carol Nef and Cathy
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Fourth Teacher Development Meeting Agenda—Meeting Date was September 22, 2010

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Digital Writing Project Agenda
September 22, 2010
8:30

Welcome

Jodi Lunt

8:35

School Wires

Carol Nef and Cathy Larsen

12:00

Lunch

12:30

Google Applications

3:00

Net Support Orientation

3:30

Adjourn
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Fifth Teacher Development Meeting Agenda—Meeting Date was October 5, 2010

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Digital Writing Project Agenda
October 5, 2010
8:30

Welcome

8:45

Professional Agreement

9:00





Project Overview
DESK Lesson and Resource Criteria
Copyright Overview
Questions and Answers
Future Sessions:
 3rd Term Work Session Date:
 4th Term Work Session Date:

10:30

Content Work Session (Media Center and Computer Lab)

11:45

Lunch in the Media Center

12:30

Continue Content Work Session
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Sixth Teacher Development Meeting Agenda—Meeting Date was November 16, 2010

1:1
Digital Curriculum & One‐to‐One Computing Project 1:1
Timeline and Update
November 16, 2010
Launch Update


All computers have been delivered to the school; carts are set up and
labeled.
 “Launch” is happening this week
Meeting Dates for the Project
Friday early out dates
December 3
December 17
January 14
February 11
March 18
April 29
May 27
Workshop/Writing Dates
December 7th
February 1st (may need to move due to science fair)
One additional date in December or early January
December 7th Agenda

Gelenco: Digital Textbook demonstration
Question for discussion: What are our expectations? What do we want from this test review?

Net Support Training: Teachers will have had a little time to do work with
the software prior to official training. They are being asked to bring
questions and concerns for the Q&A section of the training.
 “Fillable” Form Training by Carol.
 Afternoon Writing.
Questions for Discussion:
o Do the other writers need to be present for the morning session?
o Should we invite them to the additional date?
o Suggestion made that the additional writers‐write and the others pilot
the materials. Those who have the computers would write their lessons
at the end of the pilot‐thoughts?
o What are our expectations for the “DESK” section? We have a bit of
pressure building. Thoughts?

Tip of the Week Idea: Who would like to participate starting in January?
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Seventh Teacher Development Meeting Agenda—Meeting Date was December 8, 2010

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Digital Writing Project Agenda
December 8, 2010
8:30

Welcome

8:35

Digital Pendulum: Darren and Tricia

9:00

Online Textbooks: Greg Duce and Joni Fry

10:30

Net Support Web Workshop

11:30


12:00
12:30
1.
2.
3.
12:45

Trainings
“Fillable” Forms
Drop Box
Lunch

Overview of Afternoon
Scope of Project
Products of the Project
Change of February Date
Content Work Session
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Eighth Teacher Development Meeting Agenda—Meeting Date was January 11, 2011

1:1

Digital Curriculum & One‐to‐One Computing Project
January 11, 2011
1 to 1 Science Work Session

Welcome back! I hope your holiday season was relaxing and fun. I am sorry that I cannot be here
today. I am out at the high schools making safety visits. I think I mentioned this conflict when we
selected this date. Not to worry—the day is about you and giving you the time to plan, collaborate,
and prepare for the next semester of 1:1 Computing In Your Classroom.
Outline for the day:
 Spend time finding and organizing resources for your students to use and “try out” next
semester.
 I have included a copy of the project expectations with this note to remind you of what
the project looks like‐just in case you want to work on it today.
 Collaborate with each other and share what has worked and not worked.
 Feel free to leave me with an assignment sheet‐How can I make this experience more
meaningful? How can I help?
 Next meeting is Thursday, February 3, 2011. We will be learning Google Docs and
Instructional Architect. The afternoon will be yours for planning and preparation.
 Lunch will be provided. Judy is around and will assist you with anything you may need.

Good luck and have a great day!
Jodi
…If you need me call me
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Ninth Teacher Development Meeting Agenda—Meeting Date was February 4, 2011

1:1

Digital Curriculum & One‐to‐One Computing Project

1:1 Digital Writing Project Agenda
February 4, 2011
8:30

Welcome

8:35
Nef

Google Docs and More

Jon Hyatt and Carol

11:30

Instructional Architect Overview

USU

12:00

Lunch

12:30
Wyatt Kennah

NDJH Peer Training

3:00

Adjourn

Barbara Progess &
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Tenth Teacher Development Meeting Agenda—Meeting Date was March 26, 2011

1:1

Digital Curriculum & One‐to‐One Computing Project

Agenda
March 26, 2011
12:00

Welcome/Introductions/Lunch

12:20
Jodi

Project Introduction



12:45

All

Vision/Goals
Implementation Plan

Spotlight the Teachers’ Technological Skills (wall wisher)
 What do you use
 How do you use it

1:15
Hardware
Darren
1. Show the netbooks
2. Show the platform
1:45

Examples from the field

2:00

Jon Hyatt
Current Electronic Project Alignment

Carol, Cathy

Steve,

Group

Discussion

What’s next?
2:30 Tasks, compensation, schedule, dates, etc.
 Document the process
 Evaluate the tools
 Curriculum Map (4th term)
 Project Professional Agreement

Jodi
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Eleventh Teacher Development Meeting Agenda—Meeting Date was April 1, 2011

1:1

Digital Curriculum & One‐to‐One Computing Project
Junior High School
Leadership Team Training
Friday, April 1, 2011

Welcome
Introductions
Business Items:
 Trip to a Minneapolis, MN Middle School (2 LA, 1 Science, 1 Social Studies) May 4‐6, 2011
 Faculty Training: June 8‐10, 2011
 SBO requirements
 Cheer requirements
 Leadership Opportunities: Leadership Team, House Leadership, Department Leadership

AGENDA
8:00‐8:30
Superintendent

Vision

Dr. Bryan Bowles

8:30‐10:30

Building Design

Jeanne Jackson, Architect, VCBO

10:30‐12:00

1:1 Instruction

Jodi Lunt, 1:1 Director

12:00‐12:30
12:30‐3:00
Development Team

Lunch (provided)
1:1 Instruction

Jodi Lunt, 1:1 Director
Carol Nef, Curriculum
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Appendix D
Davis School District Plan for School 1:1 Implementation
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eproduced and Prrinted with Permission from the Davis
D
School Distrrict

District
D
Guideelines for Sch
hool 1:1 Implementation ‐ page 1 of 3
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District
D
Impleementation Guide Levels 1 and 2 ‐ pagge 2 of 3
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District
D
Impleementation Guide Level 3 ‐ page 3 of 3
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Appendix E
Summary Tables for Treatment and Control and Demographic Group Comparisons
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Description of the Summary Tables Showing Important Values for
Demographic Mean Comparisons
For the comparisons of the treatment and control and demographic group means, two tables will be
used. These tables will display the means and mean differences, the probability or p value produced
by GEE, the standard deviations for the actual means, and the Cohen’s d effect size measures. The first
table for each measure will show comparative statistics relative to the ethnic group comparisons. The
second of these tables will show statistics relative to the economic group comparisons. These two
tables will be used to display the data relating to all comparisons specifically described in Chapter 3:
Methods and in the subsection Guidelines and Steps for Statistical Analysis. The data presented in
these tables indicates the statistical (not necessarily the practical) significance (alpha set at .10) of
the mean comparisons, and this information is essential to understanding and answering the
different aspects of the primary research question. In the tables, all underlined labels indicate that a
test of mean comparison was conducted and the values being compared are also shown in the table,
such as mean difference. The comparisons made from top to bottom are as follows:
1.

Test of main effects – treatment and control comparison without considering
demographic variables.

2.

Test of either the ethnic or economic effect – without considering treatment and control
variables.

3.

Tests of the demographic subgroups further defined with treatment and control
variable.

4.

Test of treatment group change scores to see if one demographic group responded
differently to treatment than did the other.

All SPSS outputs for these comparisons can be found in Appendix G.
In all tables, the ~ sign means a value was either not necessary or unavailable to record. An asterisk *
identifies values found to be statistically different. The actual mean and the adjusted mean (adjusted
for conditions of nonnormality) are listed in both tables.
Due to the exploratory nature of this research, alpha was set at .10 for p and this was used to identify
any statistical significance of interest (Gall et al., 2003). Also, the following Cohen’s d values were
used as reference: Small effect, d = 0.1 to 0.3; medium effect, d = 0.4 to 0.7; large effect, d = 0.8 or
more. A medium (0.4) effect size was established as a reference in identifying significantly interesting
magnitudes of difference. Thus, anything where p is less than .10 or where d equals more than 0.4, it
is anticipated that further discussion, analysis, and explanation will be necessary.
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Table E.1
Credit Acquisition Comparisons by Ethnic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

‐0.07

~

‐0.07

0.48

~

Main effects treatment

81

‐0.09

~

‐0.11

0.45

~

Main effects control

81

‐0.03

~

‐0.02

0.50

~

162

0.06

.28

0.09

~

114

‐0.05

~

‐0.06

0.50

~
~

Treatment and control main effects difference
Effects white
Effects minority

0.09

48

‐0.07

~

‐0.08

0.40

162

0.02

.81

0.02

~

White control

58

0.00

~

0.00

0.50

~

White treatment

56

‐0.13

~

‐0.13

0.51

~

114

0.13

.15

0.13

~

Minority control

23

‐0.06

~

‐0.09

0.52

~

Minority treatment

25

‐0.05

~

‐0.08

0.28

~

Minority difference

48

0.01

.94

0.01

~

0.02

White treatment x minority treatment

81

0.08

.27

0.05

~

‐0.12

Ethnic effects difference comparison

White difference

0.04

0.03

Table E.2
Credit Acquisition Comparisons by Economic Groups
Group and comparison

n

Adj. M

162

‐0.07

~

‐0.07

0.48

~

Main effects treatment

81

‐0.09

~

‐0.01

0.21

~

Main effects control

81

‐0.03

~

‐0.11

0.60

~

162

0.06

‐0.10

~

Grand mean change score

Treatment and control main effects difference

p

.28

Act. M

SD

d

0.09

Effects high income

69

‐0.01

~

‐0.01

0.21

Effects low income

93

‐0.11

~

‐0.11

0.60

162

0.10

*.09

‐0.1

~

High‐income control

34

‐0.02

~

‐0.03

0.17

~

High‐income treatment

35

0.00

~

0.00

0.24

~

Economic effects difference comparison

High‐income difference

.55

~

‐0.22

69

0.02

‐0.03

~

Low‐income control

47

‐0.04

~

‐0.02

0.64

‐0.14
~

Low‐income treatment

46

‐0.18

~

‐0.20

0.54

~

Low‐income difference

93

0.14

.21

0.18

~

0.30

High‐income treatment x low‐income treat difference

81

0.18

*.02

0.20

~

*0.48
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Table E.3
Grade Point Average Comparison by Ethnic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

‐0.03

~

‐0.03

0.92

~

Main effects treatment

81

‐0.06

~

‐0.12

0.87

~

Main effects control

81

0.04

~

0.07

0.97

~

162

‐0.09

‐0.19

~

114

‐0.04

~

‐0.05

0.93

~

~

‐0.02

1.06

~

‐0.03

~

Treatment and control main effects difference
Effects white
Effects minority

.49

‐0.20

48

0.02

162

0.07

White control

58

0.15

~

0.15

0.93

~

White treatment

56

‐0.24

~

‐0.22

0.82

~

114

‐0.38

*.03

‐0.37

~

Minority control

23

‐0.08

~

‐0.14

1.06

~

Minority treatment

25

0.12

~

0.11

0.67

~

Ethnic effects difference comparison

White difference

.62

0.28

*0.42

Minority difference

48

‐0.2

.35

‐0.25

~

‐0.28

White treatment x minority treatment

81

‐0.36

*.02

‐0.33

~

*‐0.50

Table E.4
Grade Point Average Comparisons by Economic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

‐0.03

~

‐0.03

0.92

~

Main effects treatment

81

‐0.06

~

‐0.12

0.87

~

Main effects control

81

0.04

~

0.07

0.97

~

162

‐0.09

.49

‐0.19

~

‐0.20

69

0.02

~

‐0.03

0.81

~

Treatment and control main effects difference
Effects high income
Effects low income

93

‐0.04

~

‐0.03

162

‐0.06

.66

0.00

High‐income control

34

0.01

~

High‐income treatment

35

0.03

69

Economic effects difference comparison

High‐income difference

1.01

~

~

0.00

‐0.02

0.86

~

~

‐0.04

0.77

~

0.03

.87

‐0.02

~

0.03

Low‐income control

47

0.07

~

0.12

1.05

~

Low‐income treatment

46

‐0.15

~

‐0.18

0.95

~

Low‐income difference

93

0.22

.30

0.30

~

0.31

High‐income treatment x low‐income treat difference

81

0.18

.24

0.18

~

0.17
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Table E.5
Attendance Rate (Z score) Comparisons by Ethnic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

0.01

~

0.01

0.94

~

Main effects treatment

81

0.03

~

0.09

0.89

~

Main effects control

81

0.04

~

‐0.08

0.98

~

162

‐0.02

.92

0.17

Treatment and control main effects difference
Effects white

~

0.18

114

0.05

~

0.05

0.8

~

48

0.02

~

‐0.09

1.22

~

162

0.03

.84

0.13

White control

58

‐0.06

~

‐0.06

0.84

~

White treatment

56

0.16

~

0.16

0.75

~

114

0.23

.14

0.22

~

~

‐0.13

1.30

~
~

Effects minority
Ethnic effects difference comparison

White difference

.015

~

0.13

0.19

Minority control

23

Minority treatment

25

‐0.11

~

‐0.05

1.15

Minority difference

48

0.25

.33

‐0.08

~

0.28

White treatment x minority treatment

81

0.26

.17

‐0.23

~

0.21

Table E.6
Attendance Rate (Z Score) Comparisons by Economic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

0.01

~

0.01

0.94

~

Main effects treatment

81

0.03

~

0.09

0.89

~

Main effects control

81

0.04

~

‐0.08

0.98

~

162

0.02

0.17

~

69

0.15

~

0.11

0.78

~

~

‐0.07

1.04

~

Treatment and control main effects difference
Effects high income
Effects low income

.92

0.18

93

‐0.08

162

0.23

High‐income control

34

0.35

~

0.15

0.92

~

High‐income treatment

35

‐0.05

~

0.06

0.64

~

69

0.40

*.03

0.09

Low‐income control

47

‐0.27

~

‐0.25

1.01

~

Low‐income treatment

46

0.10

~

0.12

1.06

~

Low‐income difference

93

‐0.37

.12

‐0.37

~

‐0.36

High‐income treatment x low‐income treat difference

81

0.15

.44

‐0.06

~

‐0.07

Economic effects difference comparison

High‐income difference

.12

0.17

0.19

0.12
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Table E.7
Negative Discipline Occurrence Comparisons by Ethnic Groups
Group and comparison
Grand mean change score

n

Adj. M

p

Act. M

SD

d

162

‐0.03

~

‐0.03

0.34

~

Main effects treatment

81

0.00

~

0.00

0.22

~

Main effects control

81

‐0.04

~

‐0.06

0.43

~

162

0.04

0.06

~

114

‐0.04

~

‐0.04

0.39

~

48

0.00

~

0.00

0.21

~

162

‐0.04

‐0.04

~

White control

58

‐0.10

~

‐0.10

0.48

~

White treatment

56

0.02

~

0.02

0.23

~

Treatment and control main effects difference
Effects white
Effects minority
Ethnic effects difference comparison

White difference

.39

.25

0.18

‐0.13

114

0.12

*.08

0.12

~

Minority control

23

0.03

~

0.04

0.21

‐0.32
~

Minority treatment

25

‐0.03

~

‐0.04

0.20

~

Minority difference

48

‐0.06

.15

‐0.08

~

0.39

White treatment x minority treatment

81

0.05

.27

0.06

~

‐0.28

Table E.8
Negative Discipline Occurrence Comparisons by Economic Groups
Group and comparison

n

Adj. M

p

Act. M

SD

162

‐0.03

~

‐0.03

0.34

~

Main effects treatment

81

0.00

~

0.00

0.22

~

Main effects control

81

‐0.04

~

‐0.06

0.43

~

162

0.04

.39

0.06

~

Grand mean change score

Treatment and control main effects difference

d

0.18

Effects high income

69

0.00

~

0.00

0.21

~

Effects low income

93

‐0.04

~

‐0.05

0.40

~

162

0.04

.29

0.05

~

High‐income control

34

‐0.02

~

‐0.03

0.17

~

High‐income treatment

35

0.02

~

0.03

0.30

~

Economic effects difference comparison

High‐income difference

0.16

69

0.04

.31

0.06

~

Low‐income control

47

‐0.06

~

‐0.09

0.55

‐0.25
~

Low‐income treatment

46

‐0.03

~

‐0.02

0.15

~

Low‐income difference

93

0.03

.63

0.07

~

‐0.18

High‐income treatment x low‐income treat difference

81

0.05

.28

0.05

~

0.21
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Appendix F
SPSS Outputs for Tests of Statistical Analysis for Treatment and Control
and Demographic Group Comparisons
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Measure of Credit Acquisition for Demographic Group Comparisons from SPSS Outputs
Model Information
Dependent Variable

Switch_Cred

Probability Distribution

Normal

Link Function

Identity

Subject Effect

1

PartNum

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

Excluded
Total

100.0%

0

0.0%

162

100.0%

Correlated Data Summary
Number of Levels

Subject Effect

PartNum

162

Number of Subjects

162

Number of Measurements
per Subject

Minimum

1

Maximum

1

Correlation Matrix Dimension

1
Categorical Variable Information

N
Factor

Treat_Cont

Control Group
Treatment Group

BiEthnic

81

50.0%

Total

162

100.0%

White

114

70.4%

48

29.6%

162

100.0%

No Free or Reduced

69

42.6%

Free or Reduced

93

57.4%

162

100.0%

Ethnic Minority
Total
SocEcHard

Percent
50.0%

81

Total

Continuous Variable Information
N
Dependent Variable

Switch_Cred

Minimum
162

Maximum
-2

Mean
2

-.07

Std. Deviation
.475
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Goodness of Fita
Value
Quasi Likelihood under
Independence Model

47.590

Criterion (QIC)b
50.624

Corrected Quasi Likelihood
under Independence Model
Criterion (QICC)b

Dependent Variable: Switch_Cred
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard,
Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic
* SocEcHard, Treat_Cont * BiEthnic * SocEcHard

a. Information criteria are in small-is-better form.
b. Computed using the full log quasi-likelihood function.

Tests of Model Effects
Type III
Source
(Intercept)
Treat_Cont
BiEthnic

Wald Chi-Square
4.008
1.157

df

Sig.
1

.045

1

.282

.059

1

.809

SocEcHard

2.940

1

.086

Treat_Cont * BiEthnic

1.365

1

.243

Treat_Cont * SocEcHard

1.859

1

.173

BiEthnic * SocEcHard

.002

1

.964

Treat_Cont * BiEthnic *
SocEcHard

2.120

1

.145

Dependent Variable: Switch_Cred
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard,
BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
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Parameter Estimates
95% Wald Confidence Interval
Parameter
(Intercept)

B

[Treat_Cont=0]
[Treat_Cont=1]

Std. Error

Hypothesis Test

.031

Wald ChiSquare
2.222

-.304

.282

-.100

.0671

Lower
-.231

-.011

.1494

Upper

df

Sig.
1

.136

.006

1

.941

0a

[BiEthnic=.00]

-.169

.1447

-.453

.114

1.367

1

.242

[BiEthnic=1.00]
[SocEcHard=0]

0a
.100

.0671

-.031

.231

2.222

1

.136

[SocEcHard=1]

0a
.2328

-.141

.771

1.829

1

.176

.1494

-.282

.304

.006

1

.941

.1522

-.129

.468

1.236

1

.266

.2399

-.820

.121

2.120

1

.145

[Treat_Cont=0] *
[BiEthnic=.00]

.315

[Treat_Cont=0] *
[BiEthnic=1.00]

0a

[Treat_Cont=1] *
[BiEthnic=.00]

0a

[Treat_Cont=1] *
[BiEthnic=1.00]

0a

[Treat_Cont=0] *
[SocEcHard=0]

.011

[Treat_Cont=0] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[SocEcHard=1]

0a

[BiEthnic=.00] *
[SocEcHard=0]

.169

[BiEthnic=.00] *
[SocEcHard=1]

0

a

[BiEthnic=1.00] *
[SocEcHard=0]

0a

[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=0]

-.349

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

(Scale)

.225

Dependent Variable: Switch_Cred
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
a. Set to zero because this parameter is redundant.
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Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean

Std. Error

Treatment Group

Lower

Upper

-.03

.046

-.12

.06

-.09

.038

-.17

-.02

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont
Control Group

Treatment Group

Mean Difference (I-J)

Treatment Group

Control Group

.06

Std. Error
.060

-.06

.060

df

Sig.

Lower

Upper

1

.282

-.05

.18

1

.282

-.18

.05

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results

Wald Chi-Square
df
Sig.
1.157
1
.282
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 2: BiEthnic
Estimates
95% Wald Confidence Interval
BiEthnic
White

Mean

Ethnic Minority

Std. Error

Lower

Upper

-.07

.047

-.16

.02

-.05

.037

-.13

.02

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) BiEthnic
White

Ethnic Minority

Mean Difference (I-J)

Ethnic Minority

White

-.01

Std. Error
.060

.01

.060

df

Lower

Sig.

Upper

1

.809

-.13

.10

1

.809

-.10

.13

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results

Wald Chi-Square

df
Sig.
.059
1
The Wald chi-s quare tes ts the effect of BiEthnic. This tes t is bas ed on the linearly
independent pairwis e com paris ons am ong the es tim ated m arginal m eans .

.809
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Estimated Marginal Means 3: SocEcHard
Estimates
95% Wald Confidence Interval
SocEcHard
No Free or Reduced

Mean

Free or Reduced

Std. Error

Lower

Upper

-.01

.015

-.04

.02

-.11

.058

-.23

.00

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) SocEcHard
No Free or Reduced

Free or Reduced

Mean Difference (I-J)

Free or Reduced

No Free or Reduced

.10

Std. Error
.060

-.10

.060

df

Sig.

Lower

Upper

1

.086

-.01

.22

1

.086

-.22

.01

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results

Wald Chi-Square
df
Sig.
2.940
1
.086
The Wald chi-s quare tes ts the effect of SocEcHard. This tes t is bas ed on the linearly
independent pairwis e com paris ons am ong the es tim ated m arginal m eans .

Estimated Marginal Means 4: Treat_Cont* BiEthnic
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean
White
Ethnic Minority

Treatment Group

.00

Std. Error
.064

-.06

.067

Lower

Upper
-.13

.13

-.19

.08

White

-.13

.068

-.27

.00

Ethnic Minority

-.05

.034

-.12

.02
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*BiEthnic
[Treat_Cont=0]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=1.
0]
00]

Mean Difference (I-J)
.06

Std. Error
.093

[Treat_Cont=1]*[BiEthnic=.0
0]

.13

[Treat_Cont=1]*[BiEthnic=1.
00]

df

Sig.

Lower

Upper

1

.549

-.13

.24

.094

1

.151

-.05

.32

.05

.073

1

.491

-.09

.19

[Treat_Cont=0]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

-.06

.093

1

.549

-.24

.13

[Treat_Cont=1]*[BiEthnic=.0
0]

.08

.096

1

.408

-.11

.27

[Treat_Cont=1]*[BiEthnic=1.
00]

-.01

.075

1

.941

-.15

.14

[Treat_Cont=1]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=.0
0]
0]

-.13

.094

1

.151

-.32

.05

[Treat_Cont=0]*[BiEthnic=1.
00]

-.08

.096

1

.408

-.27

.11

[Treat_Cont=1]*[BiEthnic=1.
00]

-.08

.076

1

.266

-.23

.06

[Treat_Cont=1]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

-.05

.073

1

.491

-.19

.09

[Treat_Cont=0]*[BiEthnic=1.
00]

.01

.075

1

.941

-.14

.15

[Treat_Cont=1]*[BiEthnic=.0
0]

.08

.076

1

.266

-.06

.23

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results

Wald Chi-Square
df
Sig.
2.111
3
.550
The Wald chi-square tests the effect of Treat_Cont*BiEthnic. This test is based on the
linearly independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 5: Treat_Cont* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean
No Free or Reduced

-.02

Std. Error
.017

Free or Reduced

-.04

No Free or Reduced
Free or Reduced

Lower

Upper
-.05

.02

.091

-.22

.14

.00

.024

-.05

.05

-.18

.072

-.33

-.04
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*SocEcHard
[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

Mean Difference (I-J)
.02

Std. Error
.093

[Treat_Cont=1]*[SocEcHard
=0]

-.02

[Treat_Cont=1]*[SocEcHard
=1]

df

Lower

Sig.

Upper

1

.820

-.16

.20

.029

1

.553

-.07

.04

.17a

.074

1

.024

.02

.31

[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=1]

-.02

.093

1

.820

-.20

.16

[Treat_Cont=1]*[SocEcHard
=0]

-.04

.094

1

.684

-.22

.15

[Treat_Cont=1]*[SocEcHard
=1]

.15

.116

1

.209

-.08

.37

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=0]

.02

.029

1

.553

-.04

.07

[Treat_Cont=0]*[SocEcHard
=1]

.04

.094

1

.684

-.15

.22

[Treat_Cont=1]*[SocEcHard
=1]

.18a

.076

1

.015

.04

.33

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=1]

a

.074

1

.024

-.31

-.02

[Treat_Cont=0]*[SocEcHard
=1]

-.15

.116

1

.209

-.37

.08

[Treat_Cont=1]*[SocEcHard
=0]

-.18a

.076

1

.015

-.33

-.04

-.17

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred
a. The mean difference is significant at the .05 level.

Overall Test Results

Wald Chi-Square
df
Sig.
5.937
3
.115
The Wald chi-square tests the effect of Treat_Cont*SocEcHard. This tes t is based on
the linearly independent pairwise comparis ons am ong the es timated marginal m eans .

Estimated Marginal Means 7: Treat_Cont* BiEthnic* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean
White
Ethnic Minority

Treatment Group

White
Ethnic Minority

No Free or Reduced

-.03

Std. Error
.034

Free or Reduced

.03

.124

-.21

.28

No Free or Reduced

.00

0.000

.00

.00

Lower

Upper
-.10

.03

Free or Reduced

-.11

.134

-.37

.15

No Free or Reduced

0.00

.047

-.09

.09

Free or Reduced

-.27

.128

-.52

-.02

No Free or Reduced

.00

.000

.00

.00

Free or Reduced

-.10

.067

-.23

.03

180
Measure of Science Term Grade Comparison (GPA) for Demographic Group
Comparisons from SPSS Outputs
Model Information
Dependent Variable

Switch_GPA

Probability Distribution

Normal
Identity

Link Function
Subject Effect

1

PartNum

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

100.0%

Excluded

0

0.0%

162

100.0%

Total

Correlated Data Summary
Number of Levels

Subject Effect

PartNum

162

Number of Subjects

162

Number of Measurements
per Subject

Minimum

1

Maximum

1

Correlation Matrix Dimension

1
Categorical Variable Information
N

Factor

Control Group

Treat_Cont

81

Treatment Group
BiEthnic

81

50.0%

Total

162

100.0%

White

114

70.4%

48

29.6%

Ethnic Minority
Total
SocEcHard

Percent
50.0%

162

100.0%

No Free or Reduced

69

42.6%

Free or Reduced

93

57.4%

162

100.0%

Total
Continuous Variable Information
N
Dependent Variable

Switch_GPA

162

Minimum
-2.500

Maximum
2.500

Mean
Std. Deviation
-.02678
.924675
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Goodness of Fita
Value
Quasi Likelihood under
Independence Model

143.342

Criterion (QIC)b
145.544

Corrected Quasi Likelihood
under Independence Model
Criterion (QICC)b

Dependent Variable: Switch_GPA
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard,
Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic
* SocEcHard, Treat_Cont * BiEthnic * SocEcHard

a. Information criteria are in small-is-better form.
b. Computed using the full log quasi-likelihood function.

Tests of Model Effects
Type III
Source
(Intercept)

Wald Chi-Square

df

Sig.

.026

1

.871

Treat_Cont

.468

1

.494

BiEthnic

.245

1

.621

SocEcHard

.199

1

.655

Treat_Cont * BiEthnic

4.577

1

.032

Treat_Cont * SocEcHard

.797

1

.372

BiEthnic * SocEcHard

.206

1

.650

Treat_Cont * BiEthnic *
SocEcHard

2.584

1

.108

Dependent Variable: Switch_GPA
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard,
BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
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Parameter Estimates
95% Wald Confidence Interval

.427

-.904

.317

.2570

-1.016

.1843

.108

.1626

Lower
-.210

[Treat_Cont=0]

-.293

.3115

[Treat_Cont=1]

0a

Parameter
(Intercept)

B

[BiEthnic=.00]

Std. Error

-.512

[BiEthnic=1.00]

0a

[SocEcHard=0]

.025

[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=.00]

1.013

[Treat_Cont=0] *
[BiEthnic=1.00]

0a

[Treat_Cont=1] *
[BiEthnic=.00]

0a

[Treat_Cont=1] *
[BiEthnic=1.00]

0a

[Treat_Cont=0] *
[SocEcHard=0]

.193

[Treat_Cont=0] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[SocEcHard=1]

0a

[BiEthnic=.00] *
[SocEcHard=0]

.312

[BiEthnic=.00] *
[SocEcHard=1]

0a

[BiEthnic=1.00] *
[SocEcHard=0]

0a

[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=0]

-.870

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

(Scale)

Hypothesis Test
Wald ChiSquare
.444

Upper

df

Sig.
1

.505

.888

1

.346

-.008

3.972

1

.046

-.336

.386

.018

1

.892

.4080

.214

1.813

6.167

1

.013

.4175

-.625

1.012

.215

1

.643

.3089

-.293

.918

1.020

1

.312

.5409

-1.930

.191

2.584

1

.108

.841

Dependent Variable: Switch_GPA
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
a. Set to zero because this parameter is redundant.
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Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean

Std. Error

Treatment Group

.03528

.110991

Lower
-.18226

Upper
.25282

-.05721

.077234

-.20858

.09417

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont
Control Group

Treatment Group

Treatment Group

Control Group

Mean Difference (I-J)
.09249

Std. Error
.135218

-.09249

.135218

1

.494

Lower
-.17254

Upper
.35751

1

.494

-.35751

.17254

df

Sig.

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA

Overall Test Results

Wald Chi-Square

df
Sig.
.468
1
.494
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 2: BiEthnic
Estimates
95% Wald Confidence Interval
BiEthnic
White

Mean

Ethnic Minority

Std. Error
-.04442

.085952

Lower
-.21288

Upper
.12405

.02249

.104385

-.18210

.22708

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) BiEthnic
White

Ethnic Minority

Ethnic Minority

White

Mean Difference (I-J)
-.06691

Std. Error
.135218

.06691

.135218

df
1

Sig.
.621

Lower
-.33193

Upper
.19812

1

.621

-.19812

.33193

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA

Overall Test Results

Wald Chi-Square

df
Sig.
.245
1
.621
The Wald chi-square tests the effect of BiEthnic. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.
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Estimated Marginal Means 3: SocEcHard
Estimates
95% Wald Confidence Interval
SocEcHard
No Free or Reduced

Mean

Free or Reduced

Std. Error
.01922

.088757

Lower
-.15474

Upper
.19318

-.04115

.102011

-.24109

.15879

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) SocEcHard
No Free or Reduced

Free or Reduced

Free or Reduced

No Free or Reduced

Mean Difference (I-J)
.06037

Std. Error
.135218

-.06037

.135218

df
1

Sig.
.655

Lower
-.20465

Upper
.32540

1

.655

-.32540

.20465

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA

Overall Test Results

Wald Chi-Square

df
Sig.
.199
1
.655
The Wald chi-square tests the effect of SocEcHard. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 4: Treat_Cont* BiEthnic
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

.14647

Std. Error
.119108

Lower
-.08698

Upper
.37991

Ethnic Minority

-.07591

.187321

-.44305

.29124

White

-.23530

.123954

-.47824

.00765

.12089

.092172

-.05977

.30154

Mean
White

Ethnic Minority

185
Pairwise Comparisons
95% Wald Confidence Interval for
Difference
1

.316

Lower
-.21270

Upper
.65745

.171905

1

.026

.04484

.71869

.02558

.150606

1

.865

-.26961

.32076

[Treat_Cont=0]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
0]
00]

-.22237

.221981

1

.316

-.65745

.21270

[Treat_Cont=1]*[BiEthnic=.0
0]

.15939

.224619

1

.478

-.28085

.59964

[Treat_Cont=1]*[BiEthnic=1.
00]

-.19679

.208769

1

.346

-.60597

.21239

[Treat_Cont=1]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=.0
0]
0]

-.38176a

.171905

1

.026

-.71869

-.04484

[Treat_Cont=0]*[BiEthnic=1.
00]

-.15939

.224619

1

.478

-.59964

.28085

[Treat_Cont=1]*[BiEthnic=1.
00]

-.35619a

.154467

1

.021

-.65894

-.05344

[Treat_Cont=1]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

-.02558

.150606

1

.865

-.32076

.26961

[Treat_Cont=0]*[BiEthnic=1.
00]

.19679

.208769

1

.346

-.21239

.60597

[Treat_Cont=1]*[BiEthnic=.0
0]

.35619a

.154467

1

.021

.05344

.65894

(I) Treat_Cont*BiEthnic
[Treat_Cont=0]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=1.
00]
0]

Mean Difference (I-J)
.22237

Std. Error
.221981

[Treat_Cont=1]*[BiEthnic=.0
0]

.38176a

[Treat_Cont=1]*[BiEthnic=1.
00]

df

Sig.

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA
a. The mean difference is significant at the .05 level.

Overall Test Results

Wald Chi-Square
df
Sig.
6.822
3
.078
The Wald chi-square tests the effect of Treat_Cont*BiEthnic. This test is based on the
linearly independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 5: Treat_Cont* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean
No Free or Reduced

.00512

Std. Error
.155452

Lower
-.29956

Upper
.30980
.37602

Free or Reduced

.06544

.158463

-.24515

No Free or Reduced

.03333

.085707

-.13466

.20131

-.14774

.128509

-.39961

.10414

Free or Reduced
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*SocEcHard
[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

Mean Difference (I-J)
-.06031

Std. Error
.221981

[Treat_Cont=1]*[SocEcHard
=0]

-.02820

[Treat_Cont=1]*[SocEcHard
=1]

df
1

Sig.
.786

Lower
-.49539

Upper
.37476

.177513

1

.874

-.37612

.31972

.15286

.201692

1

.449

-.24245

.54817

[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=1]

.06031

.221981

1

.786

-.37476

.49539

[Treat_Cont=1]*[SocEcHard
=0]

.03211

.180156

1

.859

-.32099

.38521

[Treat_Cont=1]*[SocEcHard
=1]

.21317

.204022

1

.296

-.18670

.61305

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=0]

.02820

.177513

1

.874

-.31972

.37612

[Treat_Cont=0]*[SocEcHard
=1]

-.03211

.180156

1

.859

-.38521

.32099

[Treat_Cont=1]*[SocEcHard
=1]

.18106

.154467

1

.241

-.12169

.48381

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

-.15286

.201692

1

.449

-.54817

.24245

[Treat_Cont=0]*[SocEcHard
=1]

-.21317

.204022

1

.296

-.61305

.18670

[Treat_Cont=1]*[SocEcHard
=0]

-.18106

.154467

1

.241

-.48381

.12169

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA
Overall Test Results

Wald Chi-Square
df
Sig.
1.635
3
.651
The Wald chi-s quare tes ts the effect of Treat_Cont*SocEcHard. This tes t is bas ed on
the linearly independent pairwis e com paris ons am ong the es tim ated m arginal m eans .

Estimated Marginal Means 7: Treat_Cont* BiEthnic* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

White
Ethnic Minority

Treatment Group

White
Ethnic Minority

No Free or Reduced

Mean
-.02305

Std. Error
.164102

Lower
-.34469

Upper
.29858

Free or Reduced

.31598

.172677

-.02246

.65442

No Free or Reduced

.03330

.264067

-.48426

.55086

Free or Reduced

-.18511

.265753

-.70598

.33576

No Free or Reduced

-.06675

.147737

-.35631

.22281

Free or Reduced

-.40385

.199078

-.79403

-.01366

No Free or Reduced

.13340

.086928

-.03698

.30378

Free or Reduced

.10838

.162561

-.21024

.42699
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Measure of Attendance (Z Scores) for Demographic Group
Comparisons from SPSS Outputs
Model Information
Dependent Variable

AttZscore

Probability Distribution

Normal

Link Function

Identity

Subject Effect

1

PartNum

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

Excluded
Total

100.0%

0

0.0%

162

100.0%

Correlated Data Summary
Number of Levels

Subject Effect

PartNum

162

Number of Subjects

162

Number of Measurements
per Subject

Minimum

1

Maximum

1

Correlation Matrix Dimension

1
Categorical Variable Information
N

Factor

Treat_Cont

BiEthnic

Control Group

81

Percent
50.0%

Treatment Group

81

50.0%

Total

162

100.0%

White

114

70.4%

48

29.6%

162

100.0%

69

42.6%

Ethnic Minority
Total
No Free or Reduced

SocEcHard

Free or Reduced
Total

93

57.4%

162

100.0%

Continuous Variable Information
N
Dependent Variable

AttZscore

162

Minimum
-3.00

Maximum
2.70

Mean
Std. Deviation
.0066
.94153
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Goodness of Fita
Value
Quasi Likelihood under
Independence Model

150.593

Criterion (QIC)b
Corrected Quasi Likelihood
under Independence Model

151.665

Criterion (QICC)b

Dependent Variable: AttZscore
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard,
Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic
* SocEcHard, Treat_Cont * BiEthnic * SocEcHard

a. Information criteria are in small-is-better form.
b. Computed using the full log quasi-likelihood function.

Tests of Model Effects
Type III
Source
(Intercept)
Treat_Cont
BiEthnic

Wald Chi-Square

df

Sig.

.222

1

.637

.011

1

.916

.043

1

.835

SocEcHard

2.486

1

.115

Treat_Cont * BiEthnic

2.559

1

.110

Treat_Cont * SocEcHard

6.778

1

.009

BiEthnic * SocEcHard

1.139

1

.286

Treat_Cont * BiEthnic *
SocEcHard

1.757

1

.185

Dependent Variable: AttZscore
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard,
BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
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Parameter Estimates
95% Wald Confidence Interval
Parameter
(Intercept)

B

[Treat_Cont=0]
[Treat_Cont=1]

Std. Error

Hypothesis Test

.535

Wald ChiSquare
.002

-1.154

.497

-.012

.2790

Lower
-.558

-.329

.4211

Upper

df

Sig.
1

.967

.610

1

.435

0a

[BiEthnic=.00]

.229

.3240

-.406

.864

.500

1

.479

[BiEthnic=1.00]

0a
-.190

.3321

-.841

.461

.328

1

.567

0a
-.081

.4704

-1.003

.841

.030

1

.863

.5121

.159

2.166

5.151

1

.023

.3891

-.686

.839

.039

1

.844

.5916

-1.944

.375

1.757

1

.185

[SocEcHard=0]
[SocEcHard=1]
[Treat_Cont=0] *
[BiEthnic=.00]
[Treat_Cont=0] *
[BiEthnic=1.00]

0a

[Treat_Cont=1] *
[BiEthnic=.00]

0a

[Treat_Cont=1] *
[BiEthnic=1.00]

0a

[Treat_Cont=0] *
[SocEcHard=0]

1.162

[Treat_Cont=0] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[SocEcHard=1]

0a

[BiEthnic=.00] *
[SocEcHard=0]

.076

[BiEthnic=.00] *
[SocEcHard=1]

0a

[BiEthnic=1.00] *
[SocEcHard=0]

0a

[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=0]

-.784

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

(Scale)

.881

Dependent Variable: AttZscore
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
a. Set to zero because this parameter is redundant.
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Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean

Std. Error

Treatment Group

.0427

.11142

Lower
-.1757

Upper
.2610

.0271

.09728

-.1636

.2177

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont
Control Group

Treatment Group

Treatment Group

Control Group

Mean Difference (I-J)
.0156

Std. Error
.14791

-.0156

.14791

df

Sig.
1

.916

Lower
-.2743

Upper
.3055

1

.916

-.3055

.2743

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore
Overall Test Results

Wald Chi-Square

df
Sig.
.011
1
.916
The Wald chi-s quare tes ts the effect of Treat_Cont. This tes t is bas ed on the linearly
independent pairwis e com paris ons am ong the es tim ated m arginal m eans .

Estimated Marginal Means 2: BiEthnic
Estimates
95% Wald Confidence Interval
BiEthnic
White

Mean

Ethnic Minority

Std. Error
.0502

.07407

Lower
-.0949

Upper
.1954

.0195

.12803

-.2314

.2704

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) BiEthnic
White

Ethnic Minority

Ethnic Minority

White

Mean Difference (I-J)
.0307

Std. Error
.14791

-.0307

.14791

1

.835

Lower
-.2592

Upper
.3206

1

.835

-.3206

.2592

df

Sig.

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

Overall Test Results

Wald Chi-Square

df
Sig.
.043
1
.835
The Wald chi-square tests the effect of BiEthnic. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.
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Estimated Marginal Means 3: SocEcHard
Estimates
95% Wald Confidence Interval
SocEcHard
No Free or Reduced

Mean

Free or Reduced

Std. Error
.1514

.08972

Lower
-.0244

Upper
.3273

-.0817

.11759

-.3122

.1487

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) SocEcHard
No Free or Reduced

Free or Reduced

Free or Reduced

No Free or Reduced

Mean Difference (I-J)
.2332

Std. Error
.14791

-.2332

.14791

df

Sig.
1

.115

Lower
-.0567

Upper
.5231

1

.115

-.5231

.0567

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

Overall Test Results

Wald Chi-Square
df
Sig.
2.486
1
.115
The Wald chi-square tests the effect of SocEcHard. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 4: Treat_Cont* BiEthnic
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean
-.0603

Std. Error
.10797

Lower
-.2719

Upper
.1513

Ethnic Minority

.1456

.19493

-.2365

.5277

White

.1607

.10141

-.0380

.3595

-.1066

.16603

-.4320

.2188

White

Ethnic Minority
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*BiEthnic
[Treat_Cont=0]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=1.
0]
00]

Mean Difference (I-J)
-.2059

Std. Error
.22284

[Treat_Cont=1]*[BiEthnic=.0
0]

-.2210

[Treat_Cont=1]*[BiEthnic=1.
00]

df

Sig.
1

.356

Lower
-.6426

Upper
.2309

.14813

1

.136

-.5113

.0693

.0463

.19805

1

.815

-.3418

.4345

[Treat_Cont=0]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

.2059

.22284

1

.356

-.2309

.6426

[Treat_Cont=1]*[BiEthnic=.0
0]

-.0151

.21973

1

.945

-.4458

.4155

[Treat_Cont=1]*[BiEthnic=1.
00]

.2522

.25605

1

.325

-.2496

.7541

[Treat_Cont=1]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=.0
0]
0]

.2210

.14813

1

.136

-.0693

.5113

[Treat_Cont=0]*[BiEthnic=1.
00]

.0151

.21973

1

.945

-.4155

.4458

[Treat_Cont=1]*[BiEthnic=1.
00]

.2674

.19455

1

.169

-.1140

.6487

[Treat_Cont=1]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

-.0463

.19805

1

.815

-.4345

.3418

[Treat_Cont=0]*[BiEthnic=1.
00]

-.2522

.25605

1

.325

-.7541

.2496

[Treat_Cont=1]*[BiEthnic=.0
0]

-.2674

.19455

1

.169

-.6487

.1140

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

Overall Test Results

Wald Chi-Square
df
Sig.
3.352
3
.341
The Wald chi-square tests the effect of Treat_Cont*BiEthnic. This test is based on the
linearly independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 5: Treat_Cont* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean
No Free or Reduced

.3518

Std. Error
.14348

Lower
.0706

Upper
.6330

Free or Reduced

-.2665

.17050

-.6006

.0677

No Free or Reduced

-.0489

.10775

-.2601

.1623

.1030

.16199

-.2145

.4205

Free or Reduced
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
1

.006

Lower
.1815

Upper
1.0550

.17943

1

.026

.0490

.7524

.2488

.21640

1

.250

-.1753

.6729

[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=1]

-.6182a

.22284

1

.006

-1.0550

-.1815

[Treat_Cont=1]*[SocEcHard
=0]

-.2176

.20169

1

.281

-.6129

.1777

[Treat_Cont=1]*[SocEcHard
=1]

-.3695

.23518

1

.116

-.8304

.0915

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=0]

-.4007a

.17943

1

.026

-.7524

-.0490

[Treat_Cont=0]*[SocEcHard
=1]

.2176

.20169

1

.281

-.1777

.6129

[Treat_Cont=1]*[SocEcHard
=1]

-.1519

.19455

1

.435

-.5332

.2294

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

-.2488

.21640

1

.250

-.6729

.1753

[Treat_Cont=0]*[SocEcHard
=1]

.3695

.23518

1

.116

-.0915

.8304

[Treat_Cont=1]*[SocEcHard
=0]

.1519

.19455

1

.435

-.2294

.5332

(I) Treat_Cont*SocEcHard
[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=1]

Mean Difference (I-J)
.6182a

Std. Error
.22284

[Treat_Cont=1]*[SocEcHard
=0]

.4007a

[Treat_Cont=1]*[SocEcHard
=1]

df

Sig.

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore
a. The mean difference is significant at the .05 level.

Overall Test Results

Wald Chi-Square
df
Sig.
8.783
3
.032
The Wald chi-square tests the effect of Treat_Cont*SocEcHard. This test is based on
the linearly independent pairwise comparisons among the estimated marginal means.
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Measure of Discipline Referral for Demographic Group Comparisons from SPSS Outputs
Model Information
Dependent Variable

Dif_Disc

Probability Distribution

Normal

Link Function

Identity

Subject Effect

1

PartNum

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

100.0%

Excluded

0

0.0%

162

100.0%

Total

Correlated Data Summary
Number of Levels

Subject Effect

PartNum

162
162

Number of Subjects
Number of Measurements
per Subject

Minimum

1

Maximum

1
1

Correlation Matrix Dimension
Categorical Variable Information
N
Factor

Treat_Cont

Control Group

81

Treatment Group
BiEthnic

81

50.0%

Total

162

100.0%

White

114

70.4%

48

29.6%

Ethnic Minority
Total
SocEcHard

Percent
50.0%

162

100.0%

No Free or Reduced

69

42.6%

Free or Reduced

93

57.4%

162

100.0%

Total

Continuous Variable Information
N
Dependent Variable

Dif_Disc

Minimum
162

Maximum
-3

Mean
1

Std. Deviation
-.03
.342
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Goodness of Fita
Value
Quasi Likelihood under
Independence Model

29.700

Criterion (QIC)b
Corrected Quasi Likelihood
under Independence Model

33.965

Criterion (QICC)b

Dependent Variable: Dif_Disc
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard,
Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic
* SocEcHard, Treat_Cont * BiEthnic * SocEcHard

a. Information criteria are in small-is-better form.
b. Computed using the full log quasi-likelihood function.

Tests of Model Effects
Type III
Source
(Intercept)

Wald Chi-Square
1.168

df

Sig.
1

.280

.750

1

.386

BiEthnic

1.328

1

.249

SocEcHard

1.136

1

.286

Treat_Cont * BiEthnic

4.948

1

.026

.000

1

.995

BiEthnic * SocEcHard

1.294

1

.255

Treat_Cont * BiEthnic *
SocEcHard

1.827

1

.176

Treat_Cont

Treat_Cont * SocEcHard

Dependent Variable: Dif_Disc
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard,
BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
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Parameter Estimates
95% Wald Confidence Interval
Parameter
(Intercept)

B

.046

-.037

.248

.0487

-.046

.0487

Std. Error
-.050

.0487

Lower
-.146

[Treat_Cont=0]

.106

.0727

[Treat_Cont=1]

0a
.050
0a
.050
0a
-.278

[BiEthnic=.00]
[BiEthnic=1.00]
[SocEcHard=0]
[SocEcHard=1]
[Treat_Cont=0] *
[BiEthnic=.00]
[Treat_Cont=0] *
[BiEthnic=1.00]

0a

[Treat_Cont=1] *
[BiEthnic=.00]

0a

[Treat_Cont=1] *
[BiEthnic=1.00]

0a

[Treat_Cont=0] *
[SocEcHard=0]

-.106

[Treat_Cont=0] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[SocEcHard=1]

0a

[BiEthnic=.00] *
[SocEcHard=0]

-.017

[BiEthnic=.00] *
[SocEcHard=1]

0a

[BiEthnic=1.00] *
[SocEcHard=0]

0a

[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=0]

.210

[Treat_Cont=0] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=0] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=.00] *
[SocEcHard=1]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=0]

0a

[Treat_Cont=1] *
[BiEthnic=1.00] *
[SocEcHard=1]

0a

(Scale)

Hypothesis Test
Wald ChiSquare
1.053

Upper

df

Sig.
1

.305

2.106

1

.147

.146

1.053

1

.305

-.046

.146

1.053

1

.305

.1404

-.553

-.003

3.918

1

.048

.0727

-.248

.037

2.106

1

.147

.0753

-.164

.131

.049

1

.825

.1555

-.095

.515

1.827

1

.176

.117

Dependent Variable: Dif_Disc
Model: (Intercept), Treat_Cont, BiEthnic, SocEcHard, Treat_Cont * BiEthnic, Treat_Cont * SocEcHard, BiEthnic * SocEcHard, Treat_Cont * BiEthnic * SocEcHard
a. Set to zero because this parameter is redundant.
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Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean

Treatment Group

Std. Error

Lower

Upper

-.04

.034

-.10

.03

.00

.019

-.04

.03

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont
Control Group

Treatment Group

Mean Difference (I-J)

Treatment Group

Control Group

-.03

Std. Error
.039

.03

.039

df

Sig.

Lower

Upper

1

.386

-.11

.04

1

.386

-.04

.11

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results

Wald Chi-Square

df
Sig.
.750
1
.386
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 2: BiEthnic
Estimates
95% Wald Confidence Interval
BiEthnic
White

Mean

Ethnic Minority

Std. Error

Lower

Upper

-.04

.034

-.11

.02

.00

.018

-.03

.04

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) BiEthnic
White

Ethnic Minority

Mean Difference (I-J)
-.04

Std. Error
.039

Ethnic Minority

White

.04

.039

df

Sig.

Lower

Upper

1

.249

-.12

.03

1

.249

-.03

.12

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc
Overall Test Results

Wald Chi-Square
df
Sig.
1.328
1
.249
The Wald chi-square tests the effect of BiEthnic. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.
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Estimated Marginal Means 3: SocEcHard
Estimates
95% Wald Confidence Interval
SocEcHard
No Free or Reduced

Mean

Free or Reduced

Std. Error

Lower

Upper

.00

.017

-.03

.03

-.04

.035

-.11

.03

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) SocEcHard
No Free or Reduced

Free or Reduced

Mean Difference (I-J)

Free or Reduced

No Free or Reduced

.04

Std. Error
.039

-.04

.039

df

Sig.

Lower

Upper

1

.286

-.03

.12

1

.286

-.12

.03

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results

Wald Chi-Square
df
Sig.
1.136
1
.286
The Wald chi-square tests the effect of SocEcHard. This test is based on the linearly
independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 4: Treat_Cont* BiEthnic
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean
White
Ethnic Minority

Treatment Group

White
Ethnic Minority

-.10

Std. Error
.062

.03

.027

Lower

Upper
-.23

.02

-.03

.08

.02

.029

-.04

.07

-.03

.024

-.07

.02

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*BiEthnic
[Treat_Cont=0]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=1.
00]
0]

Mean Difference (I-J)
-.13

Std. Error
.068

[Treat_Cont=1]*[BiEthnic=.0
0]

-.12

[Treat_Cont=1]*[BiEthnic=1.
00]

df

Sig.

Lower

Upper

1

.054

-.26

.00

.069

1

.080

-.25

.01

-.08

.067

1

.242

-.21

.05

[Treat_Cont=0]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

.13

.068

1

.054

.00

.26

[Treat_Cont=1]*[BiEthnic=.0
0]

.01

.039

1

.778

-.07

.09

[Treat_Cont=1]*[BiEthnic=1.
00]

.05

.036

1

.147

-.02

.12
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[Treat_Cont=1]*[BiEthnic=.0 [Treat_Cont=0]*[BiEthnic=.0
0]
0]

.12

.069

1

.080

-.01

.25

[Treat_Cont=0]*[BiEthnic=1.
00]

-.01

.039

1

.778

-.09

.07

[Treat_Cont=1]*[BiEthnic=1.
00]

.04

.038

1

.268

-.03

.12

[Treat_Cont=1]*[BiEthnic=1. [Treat_Cont=0]*[BiEthnic=.0
00]
0]

.08

.067

1

.242

-.05

.21

[Treat_Cont=0]*[BiEthnic=1.
00]

-.05

.036

1

.147

-.12

.02

[Treat_Cont=1]*[BiEthnic=.0
0]

-.04

.038

1

.268

-.12

.03

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results

Wald Chi-Square
df
Sig.
5.172
3
.160
The Wald chi-square tests the effect of Treat_Cont*BiEthnic. This test is based on the
linearly independent pairwise comparisons among the estimated marginal means.

Estimated Marginal Means 5: Treat_Cont* SocEcHard
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean

Lower

Upper

No Free or Reduced

-.02

Std. Error
.017

Free or Reduced

-.06

.066

-.19

.07

.02

.029

-.04

.07

-.03

.024

-.07

.02

No Free or Reduced
Free or Reduced

-.05

.02

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I) Treat_Cont*SocEcHard
[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

Mean Difference (I-J)
.04

Std. Error
.068

[Treat_Cont=1]*[SocEcHard
=0]

-.03

[Treat_Cont=1]*[SocEcHard
=1]

df

Sig.

Lower

Upper

1

.545

-.09

.17

.033

1

.309

-.10

.03

.01

.030

1

.794

-.05

.07

[Treat_Cont=0]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

-.04

.068

1

.545

-.17

.09

[Treat_Cont=1]*[SocEcHard
=0]

-.08

.072

1

.296

-.22

.07

[Treat_Cont=1]*[SocEcHard
=1]

-.03

.070

1

.634

-.17

.10
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[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=0]
=0]

.03

.033

1

.309

-.03

.10

[Treat_Cont=0]*[SocEcHard
=1]

.08

.072

1

.296

-.07

.22

[Treat_Cont=1]*[SocEcHard
=1]

.04

.038

1

.268

-.03

.12

[Treat_Cont=1]*[SocEcHard [Treat_Cont=0]*[SocEcHard
=1]
=0]

-.01

.030

1

.794

-.07

.05

[Treat_Cont=0]*[SocEcHard
=1]

.03

.070

1

.634

-.10

.17

[Treat_Cont=1]*[SocEcHard
=0]

-.04

.038

1

.268

-.12

.03

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results

Wald Chi-Square
df
Sig.
1.836
3
.607
The Wald chi-square tests the effect of Treat_Cont*SocEcHard. This test is based on
the linearly independent pairwise comparisons among the estimated marginal means.
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Appendix G
Summary Tables for Treatment and Control and Laptop Classes
Scheduled Group Comparisons
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Table G.1
Credit Acquisition Comparison by Number of Assigned Laptop Classes
Group and comparison

n

Adj. M

p

Act. M

SD

d

No other (0) computer classes

60

‐0.02

~

‐0.02

0.57

~

One (1) computer class

86

‐0.09

~

‐0.10

0.41

~

Two (2) computer classes

16

‐0.06

~

‐0.06

0.44

~

146

0.07

.40

0.08

~

‐0.16

76

0.05

.72

0.04

~

‐0.08

102

0.02

.84

‐0.04

~

0.09

Treatment and 0 other computer classes

65

‐0.12

~

‐0.12

0.44

~

Treatment and 1 other computer class

16

‐0.06

~

‐0.06

0.45

~

81

0.06

.62

0.06

~

Control and 0 other computers classes

60

‐0.02

~

‐0.02

0.57

~

Control and 1 other computer class

21

‐0.05

~

‐0.05

0.22

~

81

0.03

.72

0.03

~

‐0.07

SD

d

0 computer classes x 1 computer class
comparison
0 computer classes x 2 computer classes
comparison
1 computer class x 2 computer classes
comparison

Treatment and 0 other classes x treatment and
1 other class

Control and 0 other classes x control and 1
other class

0.01

Table G.2
Grade Point Average Comparison by Number of Assigned Laptop Classes
Group and comparison
No other (0) computer classes

n

Adj. M

p

Act. M

60

‐0.01

~

‐0.01

0.99

~

One (1) computer class

86

0.06

~

‐0.07

0.89

~

Two (2) computer classes

16

0.16

~

0.16

0.86

~

146

‐0.07

.68

0.06

~

‐0.06

76

‐0.17

.49

‐0.17

~

0.18

102

‐0.10

.66

‐0.23

~

0.26

Treatment and 0 other computer classes

65

‐0.18

~

‐0.19

0.87

~

Treatment and 1 other computer class

16

0.16

~

0.16

0.86

~

81

‐0.34

.14

~

Control and 0 other computers classes

60

‐0.01

~

‐0.01

0.99

~

Control and 1 other computer class

21

0.29

~

0.29

0.88

~

81

0.31

.18

0.30

~

0 computer classes x 1 computer class
comparison
0 computer classes x 2 computer classes
comparison
1 computer class x 2 computer classes
comparison

Treatment and 0 other classes x treatment and
1 other class

Control and 0 other classes x control and 1
other class

~

*0.40

0.33
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Table G.3
Attendance Rate (Z Score) Comparison by Number of Assigned Laptop Classes
Group and comparison

n

Adj. M

p

Act. M

SD

d

No other (0) computer classes

60

‐0.09

~

‐0.09

1.09

~

One (1) computer class

86

‐0.00

~

0.03

0.74

~

Two (2) computer classes

16

0.26

~

0.26

1.30

~

146

0.08

.59

‐0.11

~

0.12

76

0.40

.31

‐0.35

~

0.29

102

0.32

.42

‐0.23

~

0.22

Treatment and 0 other computer classes

65

0.05

~

0.05

0.77

~

Treatment and 1 other computer class

16

0.26

~

0.26

1.30

~

81

0.21

.53

‐0.21

~

0.19

Control and 0 other computers classes

60

‐0.06

~

‐0.06

0.62

~

Control and 1 other computer class

21

‐0.09

~

‐0.09

1.09

~

81

‐0.03

.87

0.03

~

0.04

0 computer classes x 1 computer class
comparison
0 computer classes x 2 computer classes
comparison
1 computer class x 2 computer classes
comparison

Treatment and 0 other classes x treatment and
1 other class

Control and 0 other classes x control and 1
other class

Table G.4
Rate of Negative Discipline Occurrence Comparison by Number of Assigned Laptop Classes
Group and comparison

n

Adj. M

No other (0) computer classes

60

‐0.08

~

‐0.08

0.50

~

One (1) computer class

86

0.02

~

0.02

0.15

~

16

‐0.12

~

‐0.12

0.34

146

‐0.1

‐0.1

~

‐0.27

Two (2) computer classes
0 computer classes x 1 computer class
comparison
0 computer classes x 2 computer classes
comparison

p

.13

Act. M

SD

d

~

76

0.04

.69

0.04

~

0.09

102

0.14

.09*

0.14

~

*0.53

Treatment and 0 other computer classes

65

0.03

~

0.03

0.17

~

Treatment and 1 other computer class

16

‐0.12

~

‐0.12

0.34

~

81

0.16

0.15

~

Control and 0 other computers classes

60

‐0.08

~

‐0.08

0.50

~

Control and 1 other computer class

21

~

0.02

0

~

0.10

~

0.23

1 computer class x 2 computer classes
comparison

Treatment and 0 other classes x treatment and
1 other class

Control and 0 other classes x control and 1
other class

81

0
‐0.08

.07*

.19

*0.55
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Appendix H
SPSS Outputs for Tests of Statistical Analysis for Treatment and Control and Number
of Laptop Classes Scheduled Group Comparisons
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Measure of Credit Acquisition for Number of Laptop Classes Scheduled Group
Comparisons from SPSS Outputs
Model Information
Dependent Variable

Switch_Cred

Probability Distribution

Normal

Link Function
Subject Effect

Identity
PartNum

1

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

100.0%

Excluded
Total

162

100.0%

.0%

Correlated Data Summary
Number of Levels
Subject Effect

Subject Effect

PartNum
Number of Subjects

Number of Measurements
per Subject

Subject Effect

Minimum

1

Maximum

1

Subject Effect

162
162

Correlation Matrix Dimension

1

Categorical Variable Information
N
Factor

Treat_Cont

OtherCom_Tr_C

Control Group
Treatment Group
Total
Control - No other computers
Control - 1 other computer
Control - More than 2 computers
Total

81
81

Percent
50.0%
50.0%

162

100.0%

60

37.0%

86

53.1%

16

9.9%

162

100.0%

Continuous Variable Information
N
Dependent Variable

Switch_Cred

Minimum
162

Goodness of Fitb
Value
Quasi Likelihood under
Independence Model

42.620

a

Criterion (QIC)
Corrected Quasi Likelihood
under Independence Model
Criterion (QICC)a

43.889

Maximum
-2

Mean
2

-.07

Std. Deviation
.475
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Dependent Variable: Switch_Cred Model: (Intercept), Trea
a. Computed using the full log quasi-likelihood function.
b. Information criteria are in small-is-better form.

Tests of Model Effects
Type III
Wald Chi-Square
1.952

Source
(Intercept)
Treat_Cont
OtherCom_Tr_C
Treat_Cont *
OtherCom Tr C

df

Sig.
1

.162

1.087

1

.297

.381

2

.827

.

.

.a

Dependent Variable: Switch_Cred Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Unable to compute due to numerical problems
Parameter Estimates
95% Wald Confidence Interval

.147
.217

.
-.320

.
.261

.1206

-.297

.

.

a

.

0a
a

0a

[Treat_Cont=0]

-.063
.075

.1071
.0724

Lower
-.272
-.066

[Treat_Cont=1]
[OtherCom_Tr_C=0]

0a
-.030

.
.1483

[OtherCom_Tr_C=1]
[OtherCom_Tr_C=2]

-.061
0a

[Treat_Cont=0] *
[OtherCom Tr C=0]
[Treat_Cont=0] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=2]
(Scale)

Parameter
(Intercept)

Hypothesis Test
Wald ChiSquare
.340
1.087

B

Std. Error

0

0

Upper

df

Sig.
1
1

.560
.297

.
.040

.
1

.
.842

.176

.252

1

.616

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.227

Dependent Variable: Switch_Cred Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Set to zero because this parameter is redundant.

Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean

Lower

Std. Error
-.03
-.09

.043
.060

Upper
-.12
-.21

.05
.03
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) Treat_Cont
Control Group

(J) Treat_Cont
Treatment Group

Treatment Group

Control Group

Mean Difference (I-J)
.06
-.06

Std. Error
.074
.074

df

Sig.
1
1

Lower
.413
.413

Upper
-.08
-.21

.21
.08

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results
Wald Chi-Square

df
Sig.
.669
1
.413
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly independent

Estimated Marginal Means 2: OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer
Control - More than 2
computers

Mean

Lower

Std. Error

Upper

-.02

.073

-.16

.13

-.09

.036

-.16

-.01

-.06

.107

-.27

.15

Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) OtherCom_Tr_C
Control - No other
computers

(J) OtherCom_Tr_C
Control - 1 other computer

Mean Difference (I-J)

Control - More than 2
computers
Control - 1 other computer Control - No other
computers
Control - More than 2
computers
Control - More than 2
Control - No other
computers
computers
Control - 1 other computer

Std. Error

df

Lower

Sig.

Upper

.07

.081

1

.397

-.09

.23

.05

.129

1

.723

-.21

.30

-.07

.081

1

.397

-.23

.09

-.02

.113

1

.840

-.24

.20

-.05

.129

1

.723

-.30

.21

.02

.113

1

.840

-.20

.24

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred

Overall Test Results
Wald Chi-Square

df

Sig.

The Wald chi-square tests the effect of OtherCom_Tr_C. This test is based on the linearly indepen
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Estimated Marginal Means 3: Treat_Cont* OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer

Treatment Group

Control - 1 other computer

Mean

Std. Error

Control - More than 2
computers

Lower

Upper

-.02

.073

-.16

.13

-.05

.046

-.14

.04

-.12

.056

-.23

-.01

-.06

.107

-.27

.15

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr_C=0]

(J)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]
[Treat_Cont=0]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
Tr C=0]
Tr_C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]

Mean Difference (I-J)

[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
Tr_C=1]
Tr C=0]
[Treat_Cont=0]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]
[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
Tr_C=2]
Tr C=0]
[Treat_Cont=0]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=1]

Std. Error

df

Sig.

Lower

Upper

.03

.086

1

.720

-.14

.20

.11

.091

1

.244

-.07

.29

.05

.129

1

.723

-.21

.30

-.03

.086

1

.720

-.20

.14

.08

.072

1

.297

-.07

.22

.01

.117

1

.899

-.21

.24

-.11

.091

1

.244

-.29

.07

-.08

.072

1

.297

-.22

.07

-.06

.121

1

.616

-.30

.18

-.05

.129

1

.723

-.30

.21

-.01

.117

1

.899

-.24

.21

.06

.121

1

.616

-.18

.30

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_Cred
Overall Test Results
Wald Chi-Square
1.676

df

Sig.
3

.642

The Wald chi-square tests the effect of Treat_Cont*OtherCom_Tr_C. This test is based on the line
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Measure of Science Term Grades (GPA) for Number of Laptop Classes Scheduled
Group Comparisons from SPSS Outputs
Model Information
Dependent Variable

Switch_GPA

Probability Distribution

Normal

Link Function
Subject Effect

Identity
PartNum

1

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

Excluded
Total

100.0%
.0%

162

100.0%

Correlated Data Summary
Number of Levels
Subject Effect
Number of Measurements
per Subject

Subject Effect

PartNum
Number of Subjects
Minimum

Subject Effect

162
162
1

Maximum

Subject Effect

1

Correlation Matrix Dimension

1

Categorical Variable Information
N
Factor

Treat_Cont

OtherCom_Tr_C

Control Group
Treatment Group
Total
Control - No other computers

81
81
162

Percent
50.0%
50.0%
100.0%

60

37.0%

Control - 1 other computer

86

53.1%

Control - More than 2 computers

16

9.9%

162

100.0%

Total

Continuous Variable Information
N
Dependent Variable

Switch_GPA

162

Minimum
Maximum
-2.500
2.500

Mean
Std. Deviation
-.02678
.924675
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Goodness of Fitb
Value
Quasi Likelihood under
Independence Model

140.941

Criterion (QIC)a
Corrected Quasi Likelihood
under Independence Model

141.285

Criterion (QICC)a
Dependent Variable: Switch_GPA Model: (Intercept), Trea
a. Computed using the full log quasi-likelihood function.
b. Information criteria are in small-is-better form.
Tests of Model Effects
Type III
Source
(Intercept)

Wald Chi-Square

Treat_Cont
OtherCom_Tr_C

df

Sig.

.568

1

.451

4.927

1

.026

3.994
2
.136
Treat_Cont *
.
.
.a
OtherCom Tr C
Dependent Variable: Switch_GPA Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Unable to compute due to numerical problems
Parameter Estimates
95% Wald Confidence Interval
Lower
Parameter
B
Std. Error
(Intercept)
.156
.2075
-.250
[Treat_Cont=0]
.481
.2166
.056
[Treat_Cont=1]
.
.
0a
[OtherCom_Tr_C=0]
-.651
.3259
-1.290
[OtherCom_Tr_C=1]
-.343
.2334
-.801
[OtherCom_Tr_C=2]
.
.
0a
[Treat_Cont=0] *
.
.
0a
[OtherCom Tr C=0]
[Treat_Cont=0] *
.
.
0a
[OtherCom Tr C=1]
[Treat_Cont=1] *
a
.
.
0
[OtherCom Tr C=1]
[Treat_Cont=1] *
.
.
0a
[OtherCom Tr C=2]
(Scale)
.844
Dependent Variable: Switch_GPA Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C

Hypothesis Test

.563
.905
.
-.012
.114
.

Wald ChiSquare
.567
4.927
.
3.990
2.166
.

.
.

Upper

df

Sig.
1
1
.
1
1
.

.451
.026
.
.046
.141
.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

a. Set to zero because this parameter is redundant.

Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean

Std. Error
.13982
-.01546

.113724
.116700

Lower
-.08307
-.24419

Upper
.36272
.21326
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) Treat_Cont
Control Group
Treatment Group

(J) Treat_Cont
Treatment Group
Control Group

Mean Difference (I-J)
.15529

Std. Error
.162948

df

-.15529
.162948
Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA

Sig.
1

.341

Lower
-.16409

Upper
.47466

1

.341

-.47466

.16409

Overall Test Results
Wald Chi-Square

df
Sig.
.908
1
.341
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly independent

Estimated Marginal Means 2: OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer
Control - More than 2
computers

Mean

Std. Error

Lower

Upper

-.01393

.127368

-.26356

.23571

.05318

.108302

-.15909

.26545

.15628

.207528

-.25047

.56303

Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) OtherCom_Tr_C
Control - No other
computers

Control - 1 other computer

Control - More than 2
computers

(J) OtherCom_Tr_C
Control - 1 other computer
Control - More than 2
computers
Control - No other
computers
Control - More than 2
computers
Control - No other
computers
Control - 1 other computer

Mean Difference (I-J)

Std. Error
-.06711

.167189

df

Sig.
1

Lower
.688

-.39479

Upper
.26058

-.17021

.243497

1

.485

-.64745

.30704

.06711

.167189

1

.688

-.26058

.39479

-.10310

.234088

1

.660

-.56190

.35570

.17021

.243497

1

.485

-.30704

.64745

.10310

.234088

1

.660

-.35570

.56190

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA

Overall Test Results
Wald Chi-Square

df
Sig.
.507
2
.776
The Wald chi-square tests the effect of OtherCom_Tr_C. This test is based on the linearly indepen

v
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Estimated Marginal Means 3: Treat_Cont* OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Treatment Group

OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer

Mean

Std. Error

Lower

Upper

-.01393

.127368

-.26356

.23571

.29357

.188440

-.07576

.66291

Control - 1 other computer

-.18721

.106807

-.39655

.02213

Control - More than 2
computers

.15628

.207528

-.25047

.56303

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I)
(J)
Treat_Cont*OtherCom_Tr_ Treat_Cont*OtherCom_Tr_
C
C
Mean Difference (I-J)
Std. Error
[Treat_Cont=0]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
-.30750
.227447
Tr C=1]
Tr_C=0]
[Treat_Cont=1]*[OtherCom_
.17328
.166224
Tr C=1]
[Treat_Cont=1]*[OtherCom_
-.17021
.243497
Tr C=2]
[Treat_Cont=0]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
.30750
.227447
Tr C=0]
Tr_C=1]
[Treat_Cont=1]*[OtherCom_
.216604
.48078a
Tr C=1]
[Treat_Cont=1]*[OtherCom_
.13729
.280317
Tr C=2]
[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
-.17328
.166224
Tr C=0]
Tr_C=1]
[Treat_Cont=0]*[OtherCom_
.216604
-.48078a
Tr C=1]
[Treat_Cont=1]*[OtherCom_
-.34349
.233400
Tr C=2]
[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
.17021
.243497
Tr C=0]
Tr_C=2]
[Treat_Cont=0]*[OtherCom_
-.13729
.280317
Tr C=1]
[Treat_Cont=1]*[OtherCom_
.34349
.233400
Tr C=1]
Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Switch_GPA
a. The mean difference is significant at the .05 level.

df

Lower

Sig.

Upper

1

.176

-.75329

.13829

1

.297

-.15251

.49908

1

.485

-.64745

.30704

1

.176

-.13829

.75329

1

.026

.05624

.90532

1

.624

-.41212

.68670

1

.297

-.49908

.15251

1

.026

-.90532

-.05624

1

.141

-.80094

.11397

1

.485

-.30704

.64745

1

.624

-.68670

.41212

1

.141

-.11397

.80094
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Overall Test Results
Wald Chi-Square
df
Sig.
5.934
3
.115
The Wald chi-square tests the effect of Treat_Cont*OtherCom_Tr_C. This test is based on the line
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Measure of Attendance for Number of Laptop Classes Scheduled Group
Comparisons from SPSS Outputs
Model Information
Dependent Variable

AttZscore

Probability Distribution

Normal

Link Function
Subject Effect

Identity
PartNum

1

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

100.0%

162

100.0%

Excluded

.0%

Total

Correlated Data Summary
Number of Levels

Subject Effect

Subject Effect
Number of Measurements
per Subject

Subject Effect

Subject Effect

PartNum

162

Number of Subjects

162

Minimum

1

Maximum

1

Correlation Matrix Dimension

1

Categorical Variable Information
N
Factor

Treat_Cont

Control Group

OtherCom_Tr_C

Treatment Group
Total
Control - No other computers
Control - 1 other computer
Control - More than 2 computers
Total

81

Percent
50.0%

81
162

50.0%
100.0%

60

37.0%

86

53.1%

16

9.9%

162

100.0%

Continuous Variable Information
N
Dependent Variable

AttZscore

Minimum
Maximum
162
-3.00
2.70

Goodness of Fitb
Value
Quas i Likelihood under
Independence Model

149.444

Criterion (QIC)a
Corrected Quasi Likelihood
under Independence Model

148.950

Criterion (QICC)a

Mean
Std. Deviation
.0066
.94153
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Dependent Variable: AttZscore Model: (Intercept), Treat_C
a. Computed using the full log quasi-likelihood function.
b. Information criteria are in small-is-better form.
Tests of Model Effects
Type III
Wald Chi-Square

Source
(Intercept)

df

Sig.

.218
.437

Treat_Cont
OtherCom_Tr_C

1
1

.640
.509

.426
2
.808
Treat_Cont *
a
.
.
.
OtherCom Tr C
Dependent Variable: AttZscore Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Unable to compute due to numerical problems
Parameter Estimates
95% Wald Confidence Interval

.874

-.428

.212

.

.

.3801

-.207
0a

.259

.3137

Lower
-.356

[Treat_Cont=0]

-.108

.1632

[Treat_Cont=1]
[OtherCom_Tr_C=0]

0a
-.239

[OtherCom_Tr_C=1]
[OtherCom_Tr_C=2]
[Treat_Cont=0] *
[OtherCom Tr C=0]
[Treat_Cont=0] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=2]
(Scale)

Parameter
(Intercept)

Hypothesis Test
Wald ChiSquare
.681

B

Std. Error

Upper

df

Sig.
1

.409

.437

1

.509

.

.

.

.

-.984

.506

.397

1

.529

.3278

-.849

.436

.397

1

.528

.

.

.

.

.

.

0a

.

.

.

.

.

.

0a

.

.

.

.

.

.

a

.

.

.

.

.

.

0a

.

.

.

.

.

.

0

.892

Dependent Variable: AttZscore Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Set to zero because this parameter is redundant.

Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Mean

Treatment Group

Std. Error
-.0720

.09615

Lower
-.2604

.1555

.16391

-.1657

Upper
.1165
.4768

Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) Treat_Cont
Control Group
Treatment Group

(J) Treat_Cont
Treatment Group
Control Group

Mean Difference (I-J)
-.2275

Std. Error
.19003

.2275

.19003

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

df
1

Sig.
.231

Lower
-.5999

Upper
.1450

1

.231

-.1450

.5999
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Overall Test Results
Wald Chi-Square
df
Sig.
1.433
1
.231
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly independent

Estimated Marginal Means 2: OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer

Mean

Std. Error

Control - More than 2
computers

Lower

Upper

-.0883

.13924

-.3612

.1846

-.0017

.08159

-.1616

.1582

.2589

.31374

-.3561

.8738

.

Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) OtherCom_Tr_C
Control - No other
computers

Control - 1 other computer

Control - More than 2
computers

(J) OtherCom_Tr_C
Control - 1 other computer

Mean Difference (I-J)

Control - More than 2
computers
Control - No other
computers
Control - More than 2
computers
Control - No other
computers
Control - 1 other computer

Std. Error

df

Sig.

Lower

Upper

-.0866

.16139

1

.592

-.4029

.2297

-.3472

.34325

1

.312

-1.0199

.3256

.0866

.16139

1

.592

-.2297

.4029

-.2606

.32417

1

.421

-.8960

.3748

.3472

.34325

1

.312

-.3256

1.0199

.2606

.32417

1

.421

-.3748

.8960

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

Overall Test Results
Wald Chi-Square
df
Sig.
1.061
2
.588
The Wald chi-square tests the effect of OtherCom_Tr_C. This test is based on the linearly indepen

Estimated Marginal Means 3: Treat_Cont* OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

Treatment Group

OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer
Control - 1 other computer
Control - More than 2
computers

Mean

Std. Error

Lower

Upper

-.0883

.13924

-.3612

.1846

-.0556

.13262

-.3156

.2043

.0522

.09508

-.1342

.2385

.2589

.31374

-.3561

.8738
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(I)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr_C=0]

(J)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]
[Treat_Cont=0]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
Tr_C=1]
Tr C=0]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]

Mean Difference (I-J)

Std. Error

df

Sig.

Lower
-.4096

Upper

-.0327

.19230

1

.865

.3442

-.1405

.16861

1

.405

-.4710

.1900

-.3472

.34325

1

.312

-1.0199

.3256

.0327

.19230

1

.865

-.3442

.4096

-.1078

.16318

1

.509

-.4276

.2120

-.3145

.34062

1

.356

-.9821

.3531

1

.405

-.1900

.4710

1

.509

-.2120

.4276

1

.528

-.8492

.4359

1

.312

-.3256

1.0199

1

.356

-.3531

.9821

1

.528

-.4359

.8492

[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
.1405
.16861
Tr C=0]
Tr_C=1]
[Treat_Cont=0]*[OtherCom_
.1078
.16318
Tr C=1]
[Treat_Cont=1]*[OtherCom_
-.2067
.32783
Tr C=2]
[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
.3472
.34325
Tr C=0]
Tr_C=2]
[Treat_Cont=0]*[OtherCom_
.3145
.34062
Tr C=1]
[Treat_Cont=1]*[OtherCom_
.2067
.32783
Tr C=1]
Pairwise comparisons of estimated marginal means based on the original scale of dependent variable AttZscore

Overall Test Results
Wald Chi-Square
df
Sig.
1.558
3
.669
The Wald chi-square tests the effect of Treat_Cont*OtherCom_Tr_C. This test is based on the line
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Measure of Discipline Referral for Number of Laptop Classes Scheduled Group
Comparisons from SPSS Outputs
Model Information
Dependent Variable

Dif_Disc

Probability Distribution

Normal

Link Function
Subject Effect

Identity
PartNum

1

Working Correlation Matrix Structure

Independent

Case Processing Summary
N

Percent

Included

162

100.0%

162

100.0%

Excluded

.0%

Total

Correlated Data Summary
Number of Levels
Subject Effect

Subject Effect

PartNum
Number of Subjects

Number of Measurements
per Subject

Subject Effect

Minimum

1

Maximum

1

Subject Effect

162
162

Correlation Matrix Dimension

1

Categorical Variable Information
N
Factor

Treat_Cont

OtherCom_Tr_C

81
81
162

Percent
50.0%
50.0%
100.0%

60

37.0%

Control - 1 other computer

86

53.1%

Control - More than 2 computers

16

9.9%

162

100.0%

Control Group
Treatment Group
Total
Control - No other computers

Total

Continuous Variable Information
N
Dependent Variable

Dif_Disc

Minimum
162

Maximum
-3

Mean
1

-.03

Std. Deviation
.342
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Goodness of Fitb
Value
Quasi Likelihood under
Independence Model

25.050

Criterion (QIC)a
Corrected Quasi Likelihood
under Independence Model

26.272

Criterion (QICC)a
Dependent Variable: Dif_Disc Model: (Intercept), Treat_C
a. Computed using the full log quasi-likelihood function.
b. Information criteria are in small-is-better form.
Tests of Model Effects
Type III
Wald Chi-Square
3.181

Source
(Intercept)
Treat_Cont
OtherCom_Tr_C

df

Sig.

2.063

1

.075

1

.151

5.041
2
.080
Treat_Cont *
.
.
.a
OtherCom Tr C
Dependent Variable: Dif_Disc Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Unable to compute due to numerical problems
Parameter Estimates
95% Wald Confidence Interval
Parameter
(Intercept)
[Treat_Cont=0]

B

[Treat_Cont=1]
[OtherCom_Tr_C=0]

Std. Error

Lower
-.287
-.073

Hypothesis Test

Upper
.037
.011

Wald ChiSquare
2.286
2.063

df

Sig.

-.125
-.031

.0827
.0214

1
1

.131
.151

0a
.072

.

.

.

.

.

.

.1065

-.136

.281

.462

1

.496

[OtherCom_Tr_C=1]
[OtherCom_Tr_C=2]

.156
0a

.0854
.

-.012
.

.323
.

3.326
.

1
.

.068
.

[Treat_Cont=0] *
[OtherCom Tr C=0]
[Treat_Cont=0] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=1]
[Treat_Cont=1] *
[OtherCom Tr C=2]
(Scale)

0a

.

.

.

.

.

.

0

a

.

.

.

.

.

.

0

a

.

.

.

.

.

.

0

a

.

.

.

.

.

.

.116
Dependent Variable: Dif_Disc Model: (Intercept), Treat_Cont, OtherCom_Tr_C, Treat_Cont * OtherCom_Tr_C
a. Set to zero because this parameter is redundant.

Estimated Marginal Means 1: Treat_Cont
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group
Treatment Group

Mean

Std. Error
-.04
-.05

Lower
.032
.043

Upper
-.10
-.13

.02
.04
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Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) Treat_Cont
Control Group

(J) Treat_Cont
Treatment Group

Mean Difference (I-J)
.01

Std. Error
.053

df

Treatment Group
Control Group
-.01
.053
Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Sig.

Lower

Upper

1

.919

-.10

.11

1

.919

-.11

.10

Overall Test Results
Wald Chi-Square

df

Sig.

.010
1
.919
The Wald chi-square tests the effect of Treat_Cont. This test is based on the linearly independent

Estimated Marginal Means 2: OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer
Control - More than 2
computers

Mean

Lower

Std. Error

Upper

-.08

.064

-.21

.04

.02

.011

-.01

.04

-.13

.083

-.29

.04

Pairwise Comparisons
95% Wald Confidence Interval for
Difference

(I) OtherCom_Tr_C
Control - No other
computers

(J) OtherCom_Tr_C
Control - 1 other computer

Control - More than 2
computers
Control - 1 other computer Control - No other
computers
Control - More than 2
computers
Control - More than 2
Control - No other
computers
computers
Control - 1 other computer

Mean Difference (I-J)

Std. Error

df

Lower

Sig.

Upper

-.10

.065

1

.126

-.23

.03

.04

.104

1

.690

-.16

.25

.10

.065

1

.126

-.03

.23

.14

.083

1

.092

-.02

.30

-.04

.104

1

.690

-.25

.16

-.14

.083

1

.092

-.30

.02

Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results
Wald Chi-Square
df
Sig.
5.067
2
.079
The Wald chi-square tests the effect of OtherCom_Tr_C. This test is based on the linearly indepen
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Estimated Marginal Means 3: Treat_Cont* OtherCom_Tr_C
Estimates
95% Wald Confidence Interval
Treat_Cont
Control Group

OtherCom_Tr_C
Control - No other
computers
Control - 1 other computer

Treatment Group

Control - 1 other computer

Mean

Std. Error

Control - More than 2
computers

Lower

Upper

-.08

.064

-.21

.04

.00

.000

.00

.00

.03

.021

-.01

.07

-.13

.083

-.29

.04

Pairwise Comparisons
95% Wald Confidence Interval for
Difference
(J)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]
[Treat_Cont=0]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
Tr_C=1]
Tr C=0]
[Treat_Cont=1]*[OtherCom_
Tr C=1]
[Treat_Cont=1]*[OtherCom_
Tr C=2]
(I)
Treat_Cont*OtherCom_Tr_
C
[Treat_Cont=0]*[OtherCom_
Tr_C=0]

Mean Difference (I-J)

Std. Error

df

Sig.

Lower

Upper

-.08

.064

1

.190

-.21

.04

-.11

.067

1

.089

-.25

.02

.04

.104

1

.690

-.16

.25

.08

.064

1

.190

-.04

.21

-.03

.021

1

.151

-.07

.01

.13

.083

1

.131

-.04

.29

1

.089

-.02

.25

1

.151

-.01

.07

1

.068

-.01

.32

1

.690

-.25

.16

1

.131

-.29

.04

1

.068

-.32

.01

[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
.11
.067
Tr C=0]
Tr_C=1]
[Treat_Cont=0]*[OtherCom_
.03
.021
Tr C=1]
[Treat_Cont=1]*[OtherCom_
.16
.085
Tr C=2]
[Treat_Cont=1]*[OtherCom_ [Treat_Cont=0]*[OtherCom_
-.04
.104
Tr C=0]
Tr_C=2]
[Treat_Cont=0]*[OtherCom_
-.13
.083
Tr C=1]
[Treat_Cont=1]*[OtherCom_
-.16
.085
Tr C=1]
Pairwise comparisons of estimated marginal means based on the original scale of dependent variable Dif_Disc

Overall Test Results
Wald Chi-Square
df
Sig.
6.063
3
.109
The Wald chi-square tests the effect of Treat_Cont*OtherCom_Tr_C. This test is based on the line

222
VITA
RYAN C. HANSEN

835 South State Street
Clearfield, Utah 84015
(801) 402‐6500
rhansen@dsdmail.net
EDUCATION
Utah State University, Logan, Utah
Ph.D in Curriculum and Instruction – Education Leadership (Pending)
Dissertation: “Comparing the Effects of a 1:1 Laptop Implementation
on Quantifiable Student Outcomes in Junior High Science Classes
Between Demographic Subpopulations of Students”

2012

University of Utah, Salt Lake City, Utah
M.A. in Educational Leadership and Utah State Administration Certification

2001

Weber State University, Ogden, Utah
B.A. Biology Composite, Teaching Certification

1997

Graduate of Davis High School, Kaysville, Utah

1990

AWARDS
Recipient of Utah Career Teacher Scholarship, Weber State University

January 1995

ADMINSTRATIVE AND TEACHING EXPERIENCE
North Davis Junior High School, Clearfield, Utah
Principal

2009 ‐ Present

Fairfield Junior High School, Kaysville, Utah
Assistant Principal

2007 – 2009

Sunset Junior High School, Sunset, Utah
Assistant Principal

2003 – 2007

Adelaide and Woods Cross Elementary Schools, Davis School District
Administrative Intern

2002 ‐ 2003

Science Representative for Curriculum Advisory Committee,
Davis School District

2000 – 2002

Biology Instructor, Clearfield High School

2003 – 2007

223
PUBLICATIONS, PAPERS, AND PRESENTATIONS
“1:1 Laptop Initiatives: Building Bridges Between Technology
and Secondary Schools”
Presenter, Utah Association of Secondary School
Principals Conference, St. George, Utah

January, 2012

“Single School Culture,”
Journal article published in Promising Partnership
Practices, National Network of Partnership Schools, Johns
Hopkins University

2005

